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ABSTRACT 
 

Evapotranspiration (ET) is a key parameter for irrigation planning and management, and it is a 

crucial factor for water conservation practices considering the challenges associated with 

agricultural water availability. Field ET determination is the most accurate, but remains to be 

expensive and limited in scope. On the other hand, remote sensing is becoming an alternative tool 

for the estimation of ET. Operational ET algorithms, like the Moderate Resolution Imaging 

Spectroradiometer (MODIS)-based ET, are now successful at generating ET estimates globally at 

1km resolution, however their intent is not management of agriculture irrigation. This research 

was done to develop an integrated method for downscaling MODIS ET appropriate for farm-level 

applications using geostatistical and remote sensing techniques. The proposed methodology was 

applied in the Wellton-Mohawk Irrigation and Drainage District of Yuma, Arizona. In a first effort, 

ET data was downscaled from standard 1-km-MODIS to a medium 250-m-spatial resolution via 

cokriging using Land Surface Temperature and Enhanced Vegetation Index as covariates. Results 

showed consistent downscaled ET with a variance greater than the variance of the coarse scale 

input and nearly similar mean values. This 250m product can serve larger irrigation districts in 

developed countries, where plot size is fairly large and regular. However, the size and shapes of 

most farms in developing countries makes the 250m ET challenging. For this reason, the second 

part of this work was done to downscale global scale 1km ET to 30m farm level application for 

irrigation use. This approach involved the generation of daily vegetation indices (VI) at 30m in 

order to support the downscaling of MODIS 1km ET. Landsat and MODIS reflectances were 

combined with the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) 

algorithm and the resulting VI data was used as a covariate to downscale ET with the cokriging 

approach. The results showed that the MODIS ET data seriously underestimates ET over irrigated 
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areas. To correct this problem the MODIS data was then adjusted using field measured values to 

make it useful for operational purposes. The proposed geospatial method was applied to different 

growth stages of cotton and results were validated with actual ET from The Arizona 

Meteorological Network (AZMET) and published consumptive use of water for the area. The 

adjusted downscaled ET was comparable to these two published data (maximum error of 33%). 

This methodology is a practical alternative in areas where there is no ancillary data to estimate ET 

and it is expected to help in the planning of irrigation agriculture that will lead to improved 

agricultural productivity and irrigation efficiency. 

 

Keywords: evapotranspiration, cokriging, EVI2, variogram. 
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1. INTRODUCTION 
 

1.1. Problem statement. 

Evapotranspiration, as a hydrologic parameter and as a water management tool in agriculture, has 

received special interests in many disciplines due to increased water scarcity, its impact on 

changing climate (Bates et al., 2008), and the desire to use water more efficiently. In agriculture, 

ET is used to assess the amount of water crops required to be healthy and stress free. While field 

based methods are the preferred approach to estimate ET, they are usually limited in the spatial 

scope and require intense and expensive setup. Remote sensing (RS) based methods to estimate 

ET on the other hand have been explored with varying degrees of success because they are quick, 

fairly accurate, and able to cover large areas. Nevertheless, RS driven ET estimation methods has 

major issues and challenges and are hardly applied due to their coarse spatial resolution. Currently, 

only a 100km resolution ET product useful for climate studies and modeling, in addition to a 

medium resolution 1km ET product are available globally. These are hardly useful for agricultural 

applications due to farm size and crop distribution (Zhao-Liang et al., 2009). In order for RS based 

ET estimates to be useful for agriculture management either the models need to take in and use 

finer resolution data or the current data have to be scaled to a reasonable resolution that are more 

appropriate for average farm size. 

A few algorithms —such as Mapping EvapoTranspiration at high Resolution with Internalized 

Calibration (METRIC)— produce accurate ET maps for agriculture irrigation management using 

high-resolution images but for pilot regions only (Allen et al., 2011; Zhao-Liang et al., 2009). 

Landsat or Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) 

satellites data provide accurate field-scale estimates of ET for hydrologic and water resources 

management (Velpuri et al., 2013) applications; however, they have a low temporal resolution. On 
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the other hand, some satellites such as the Geostationary Operational Environmental Satellite 

(GOES) can provide ET estimates at an extremely high temporal resolution albeit at a very coarse 

spatial resolution. This points to the usual trade-off of either frequent observation at very coarse 

resolution or less regular observations at a finer scale. 

Global ET products at coarse-spatial resolution are available from either the National Oceanic and 

Atmospheric Administration - Global Daily Assimilation System (NOAA-GDAS) (Senay et al., 

2008), or the MODIS Terra and Aqua satellites (Mu et al., 2013); the first one has a spatial 

resolution of 1 degree and the second at 1-km-spatial resolution. They provide daily ET (high-

temporal resolution). Still the spatial resolution is not sufficient for water management purposes 

at the farm level (Singh et al., 2013). In addition, MODIS ET has an uncertainty of 10 to 25% 

(Velpuri et al., 2013), which is in the range of what has been reported for ET measurement. 

Presently, global and regional ET datasets remained quite limited and MODIS is one of the few 

sources of consistent ET dataset. 

Senay et al. (2008), Zhao-Liang et al. (2009), Long (2011), and Paul (2013) have suggested the 

downscaling of ET from coarser to the desired finer scales. Conversely, there is no documentation 

yet of previous works for downscaling ET for agricultural applications. ET with a spatial resolution 

of 30m (such as the Landsat satellites) is ideal for field-scale management and applications, while 

a 250m ET product can also be useful for irrigation districts in developed countries where plot size 

is fairly large and regular. Then, the main objective of this project was to downscale ET data from 

1km MODIS scale to both 250m and 30m spatial resolution using a geostatistical approach and 

the STARFM algorithm in the Wellton-Mohawk Irrigation and Drainage District of Yuma, 

Arizona. 
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1.2. Research objectives. 

Previous studies have not used MODIS ET for agricultural applications because of the coarseness 

of the scale (1-km-spatial resolution). This research proposes the use of such available information. 

The major objective of this study was to develop a methodology for downscaling global ET to a 

specific location so that it can be used for agricultural water management purposes. The specific 

objectives that led to achievement of the major objective were: 

1. To downscale ET data from standard 1-km-MODIS to a medium 250-m-spatial resolution using 

a geostatistical technique (cokriging) and test the method in the Wellton-Mohawk Irrigation and 

Drainage District (WMIDD) of Yuma, AZ, USA. 

2. To downscale MODIS ET data to Landsat TM scale (30m) using STARFM algorithm to produce 

a synthetic MODIS product (daily vegetation index) at a Landsat spatial resolution.  

3. To compare the downscaled ET with observed ET for the WMIDD to see if the developed 

methodology is valid. 
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2. LITERATURE REVIEW 
 

Remote sensed data in the visible and near infrared bands of the electromagnetic spectrum have 

been used in agriculture. Some applications include the estimation of crop growth, crop yield, 

evapotranspiration, incoming and outgoing radiation, crop nutrient status, and soil and crop 

moisture (Payero, 1997). On the other hand, remote sensed surface temperature has been used 

mainly for estimating crop water stress and evapotranspiration. Wolper (1962) was a pioneer in 

establishing a connection between ET and canopy temperature. Later, during the last four decades, 

numerous articles have been written about the estimation of ET with RS techniques (e.g., Courault 

et al., 2005; Glenn et al., 2007; Kalma et al., 2008; Zhao-Liang et al., 2009; Maes & Steppe, 2012). 

Some of the works are experimental developments (Chatterjee, 2010; Wang et al., 2007; Nagler et 

al., 2005) while other are new scientific formulations (Allen et al., 2007; Bastiaanssen et al., 1998).  

 

2.1. Remote sensing methods for ET estimation. 

ET from RS has been estimated using different algorithms which can be broadly categorized based 

on the computation of surface energy balance or the computation of surface water balance (Maselli 

et al., 2014). Methods for estimating ET with RS techniques can also be classified as direct 

simplified methods (empirical), residual methods of the energy budget, and indirect methods 

(Courault et al., 2005). One example of empirical method is given by Wang (2007) and it relates 

ET with ground temperature and the Normalized Difference Vegetation Index (NDVI). Some 

examples of the residual methods are Mapping Evapotranspiration with Internalized Calibration 

(METRIC), Surface Energy Balance Algorithm for Land (SEBAL), Surface Energy Balance Index 

(SEBI), Surface Energy Balance System (SEBS), and Simplified Surface Energy Balance Index 

(S-SEBI), and they include empirical relationships and physical components. The indirect methods 
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are more complex and include physical processes with fine time step (minute, hour). On the other 

hand, “more complex physical and analytical methods are not necessarily more accurate than 

statistical or empirical methods” (Kalma et al., 2008) since the statistical/empirical approaches 

have been developed and validated with field ET data. 

RS based methods to estimate ET using vegetation indices have been also proposed. For example, 

Nagler et al. (2005) created a model to predict riparian evapotranspiration using MODIS 

vegetation indices and ground meteorological data. In 2013, Nagler et al. expanded their ET-VI 

model work to areas in the lower Colorado River. Their model was tested for agriculture and 

riparian vegetation, and it allows the computation of actual ET using the reference ET and 

Enhanced Vegetation Index (EVI) at 30m following this equation: 

𝐸𝑇𝑎 = 𝐸𝑇0 [1.65(1 − 𝑒−2.25 𝐸𝑉𝐼) − 0.169]   (1) 

Where ETa is actual ET in mm d-1, ET0 is the reference ET in mm d-1, and EVI is computed with 

Equation (2) using the red, NIR and blue bands of a Landsat image. This method produces accurate 

values of ET but it is limited by the availability of the Landsat images. 

𝐸𝑉𝐼 = 2.5 ∗
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅 + (6 ∗ 𝜌𝑅𝐸𝐷 − 7.5 ∗ 𝜌𝐵𝐿𝑈𝐸) + 1
   (2) 

The accuracy of ET from RS methods varies over the space and time (Velpuri et al., 2013). 

Modeled ET datasets frequently show an uncertainty of 15-30% (Kalma et al., 2008). Bastiaanssen 

et al. (2005) found accuracies of 85-95% with the SEBAL algorithm for high spatial resolution 

datasets. Mu et al. (2007) found accuracies of 70-76% using meteorological data in the global 

MOD16 algorithm; and Senay et al. (2008) reported an accuracy of 87% for a VegET model and 

10-day datasets. While Karimi and Bastiaanssen (2015) found an overall accuracy of 95% (SD 

5%) of the estimated values of ET using RS. Nowadays, we cannot say one method is better than 

the other as we know that all of them require field information and remote sensed data. 
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2.2. MODIS evapotranspiration. 

MODIS ET estimates have been widely used at watershed and national scales (Senay et al., 2013). 

In 2003, Nishida et al. proposed the original MOD16 algorithm, which is a two-source model of 

ET (vegetation index - surface temperature). This algorithm was developed for estimating 

evaporation fraction (EF) globally, expressed as a ratio of actual ET to the available energy (sum 

of ET and sensible heat flux), from satellite data. Later, Mu et al. (2007) proposed the new MOD16 

algorithm, which was improved in 2011. 

 

2.2.1. Description. 

The MOD16 ET is a level 4 product from MODIS satellites. Using the Penman-Monteith method 

for daily values of meteorological data from NASA's Global Modeling and Assimilation Office 

(GMAO) and 8-day data from other MODIS products, Mu et al. (2007, 2011) proposed an 

algorithm for estimating ET at global scale. According to Mu et al. (2013), MOD16 ET datasets 

are available at regular 1km grid cells for the entire global vegetated land surface at 8-day, monthly 

and annual time intervals. The 8-day ET is the sum of ET during these 8-day time periods. Global 

MODIS ET datasets are available at the University of Montana's Numerical Terradynamic 

Simulation Group website (http://www.ntsg.umt.edu/project/mod16). 

 

2.2.2. MODIS ET computation. 

MOD16 algorithm considers that ET is the sum of water vapor fluxes from soil evaporation, wet 

canopy evaporation and plant transpiration at dry canopy surface (Mu et al., 2013). The 8-day data, 

at 1km spatial resolution, that are used in the MOD16 algorithm include MODIS albedo, land 

cover, Leaf Area Index (LAI), and Fractional Photosynthetic Active Radiation (FPAR). GMAO 

http://www.ntsg.umt.edu/project/mod16
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and MERRA GMAO meteorological data have spatial resolutions of 1.0x1.2° and 0.5x0.6°, 

respectively. 

MODIS 8-day FPAR is used as vegetation cover fraction to quantify how much surface net 

radiation is allocated between soil and vegetation. MODIS 8-day albedo and daily surface 

downward solar radiation and air temperature from daily meteorological reanalyzed data are used 

to calculate surface net radiation and soil heat flux; daily air temperature, vapor pressure deficit 

(VPD) and relative humidity data. And, 8-day MODIS LAI are used to estimate surface stomatal 

conductance, aerodynamic resistance, wet canopy, soil heat flux and other key environmental 

variables. MODIS land cover is used to specify the biome type for each pixel, and the biome-

dependent constant parameters for the algorithm are saved in a Biome-Property-Lookup-Table 

(BPLUT). Except for minimum daily air temperature and VPD, which are directly adopted from 

the existing algorithm of the MODIS global terrestrial gross and net primary production (MODIS 

GPP/NPP), the BPLUT is tuned largely based on a set of targeted annual ET for each biome 

derived from MODIS GPP and water use efficiency calculated from eddy flux towers. 

 

2.2.3. Validations and accuracy. 

ET produced by MODIS has been validated in several studies. MOD16 ET has been validated with 

ET measured at eddy flux towers and ET estimated from 232 watersheds (Mu et al., 2013). Mu et 

al. (2011) found mean absolute errors around 24% for the MOD16 datasets, while comparing them 

with flux tower measurements. In 2011, Vinukollu et al. developed a global dataset of 

evapotranspiration for climate studies using primarily NASA Earth Observing System remote 

sensing data. MOD16 and two other algorithms (Surface Energy Balance System and Priestley-

Taylor based approach) were used to generate the global instantaneous fluxes. The ET datasets 
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were evaluated at three different scales. The daily ET values (summed up to the monthly scale) 

showed good correlations (0.51-0.65) with ET values from 12 flux towers. McCabe and Wood 

(2006) had also investigated the impact of errors in ET retrievals due to the scale of the remote 

sensing inputs, using Landsat, ASTER and MODIS satellite platforms. 

In the validation of MOD16 datasets over the Hai river basin in China, Jia et al. (2012) found a 

mean relative error of 20.21% and a correlation of 0.88 for 1km daily data, using a Large Aperture 

Scintillometer. Better results were found at basin scale (RMSE=79.84 mm). At local scale, 

MOD16 ET resulted in slight overestimation (0.78 mm for daily results). 

Velpuri et al. (2013) evaluated monthly MODIS 1km ET products and Operational Simplified 

Surface Energy Balance (SSEBop) ET over the United States at both point and basin scales. They 

found MOD16 ET to be accurate at basin-scale (up to 25% uncertainty). MOD16 ET was found 

better than SSEBop ET for cropland, even though both are better when used in the western US. 

They concluded that RS ET products can be used for hydrologic applications, provided the 

parameters used are refined to improve the accuracy and performance for agro-hydrologic 

applications. 

Nadzri and Hashim (2014) validated MODIS ET data in Malaysia. Their result showed local 

effects of MOD16 A2 products, with a coefficient of determination between 0.47 and 0.52 in three 

different climatological regions. The accuracy in each region is within plus or minus RMSE of 

43mm for monthly ET. The value tends to overestimate but it is constant for all season.  

Ruhoff et al. (2014) examined the accuracy of the MOD16 algorithm at two sites in the Rio Grande 

basin, Brazil. 8-day average MOD16 ET estimates and flux tower measurements yielded 

correlations of 0.78 at the site with natural savannah vegetation (overestimating ET), and 0.81 for 

sugar-cane plantation. MOD16 ET resulted more accurate during the dry season than during wet 
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season. Besides, the algorithm is most accurate when the land use and land cover is correct, such 

was the case of the sugar-cane plantation. 

These previous researches indicate that the MOD16 product is reliable. It is within the range of 

the reported uncertainties in ET measurements (10-30%). However, our research found MODIS 

ET underestimated in Arizona, specifically for crop areas in the summer season. Mu (2016) 

confirmed that MODIS ET is underestimated in arid regions and they are working on improving 

the algorithm. Since ET-datasets for agricultural applications are not abundant, and MOD16 is 

probably the only source of ET in many places of the globe, this research was proposed to use such 

information and to increase of its spatial resolution through a downscaling approach.  

On the first part of this project, MODIS ET data from April, 2010, was used. The study area was 

the Wellton-Mohawk Irrigation and Drainage District (WMIDD) of Yuma, AZ. MODIS ET values 

for the month of April, 2010 are presented in Table 1 and reported values of measured ET for 

different crops in the WMIDD from USBR (2014) are shown in Table 2. 

Table 1. MODIS ET estimates for WMIDD. April, 2010.  

 

ET_1km 1       

DOY 89-96 

(mm/8day) 

ET_1km 1 

DOY 97 -104 

(mm/8day) 

ET_1km 1 

DOY 105-112 

(mm/8day) 

ET_1km 1 

DOY 113-120 

(mm/8day) 

ET_1km 2     

April 

(≈mm/month) 

Minimum 1.30 0.90 1.00 1.20 4.50 

Average 6.12 6.11 5.86 5.76 23.85 

Maximum 43.00 48.40 36.50 39.10 153.90 
1 Daily MODIS ET estimated as 8day-ET/8. 
1 Monthly MODIS ET estimated as the sum of 4 periods of 8day data. 

 

2.3. Downscaling MODIS ET. 

In remote sensing, downscaling refers to the increasing of spatial resolution. According to 

Atkinson (2013), downscaling is also understood as a decrease in the pixel size of the remotely 

sensed images. In 1997, all statistical downscaling techniques were grouped into four categories: 
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regression methods, weather-pattern-based methods, stochastic weather generators, and limited-

area modeling methods (Wilby and Wigley, 1997). Later, in 2004, Liang described five approaches 

to downscale RS data, namely, Linear Unmixing Methods, Methods for Generating Continuous 

Fields, Decomposition of NDVI Temporal Profiles, Multiresolution Data Fusion, and Methods for 

Statistical Downscaling of Global Circulation Model (GCM) Outputs. Pardo-Iguzquiza et al. 

(2006) listed a few methods for image sharpening, they include the Hue-Intensity-Saturation (HIS) 

method, principal components analysis (PCA) method, high-pass filter (HPF) method, regression 

predictor, smoothing filter based intensity modulation, wavelet transform and multiscale Kalman 

filter, multiresolution wavelet analysis, and ARSIS method. More recently, Atkinson (2013) 

classified three types of downscaling procedures (i) using assumptions about the character of the 

target spatial variation coupled with spatial optimization, (ii) spatial prediction through 

interpolation, and (iii) based on direct information on the relation between spatial resolutions in 

the form of a regression model. 

Table 2. Actual ET values for April, 2010 in WMIDD, Yuma, Arizona (USBR, 2014). 

Crop ET 

(mm/month) 

ET 1 

(≈mm/day) 

Alfalfa 136.77 4.56 

Bermuda 68.54 2.28 

Citrus – Mature 97.49 3.25 

Citrus – Young 58.60 1.95 

Cotton 41.15 1.37 

Dates 158.32 5.28 

Field Grain 178.81 5.96 

Legume/Solanum Vegetables 41.91 1.40 

Lettuce Spring Late 3.30 0.11 

Small Grains Spring 151.64 5.05 

Small Vegetables Spring 132.09 4.40 

Small Vegetables Spring Late 140.96 4.70 

Spring Melons 159.24 5.31 

Sudan 66.80 2.23 

1 Daily Actual ET estimated as Monthly Actual ET/30. 
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2.3.1. Current methods for downscaling RS-based irrigation data. 

Several approaches for downscaling RS-based irrigation data have been proposed. For example, 

Kustas et al. (2004) suggested that thermal sharpening techniques for estimating surface 

temperature at higher resolutions (~250m) using the visible/near infrared waveband resolutions 

could provide enough spatial detail for discriminating ET from individual corn and soybean fields. 

As well McCabe and Wood (2006) recommended further analysis on the scaling behavior of 

surface temperature and the impact of disaggregating MODIS type resolutions to intermediate 

scale. They found that estimation of ET with MODIS data was not adequate at field scale, but 

effectively reproduced the watershed average response.  

In 2011, Ha et al. made a review of different methods and they found that the image fusion method 

can increase the spatial resolution of ET and LST with a potential use in agriculture. Besides Hong 

et al. (2011) applied various downscaling procedures in order to combine MODIS (high-temporal 

resolution) and Landsat (high-spatial resolution) imagery. They used SEBAL to obtain ET 

estimates at both scales. From their results, downscaling with regression between images resulted 

the best scheme. Singh et al. (2014) used a regression method (slope-intercept) and proposed a 

Linear with Zero Intercept (LinIN) method, to downscale Landsat-based annual AET to monthly 

AET using MODIS-based AET maps. They used SSEBop model for computing AET. Results 

were better for the LinZI approach, even though the limited availability of cloud-free Landsat 

images may be a constraint.  

More recently, Ke et al. (2016) have suggested the downscaling of MODIS ET through machine-

learning techniques with a major limitation on the availability of cloud-free Landsat images on 

temporal basis. 
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2.3.2. Proposed methodology for downscaling MODIS ET. 

This research proposes the downscaling of MODIS ET for agricultural applications combining a 

geostatistical approach (cokriging) and the STARFM algorithm developed by Gao et al. (2006). 

Geostatistical procedures are preferred because they produce unbiased predictions and the 

prediction variance is minimized (Pardo-Iguzquiza et al., 2007). On the other hand, the STARFM 

allows the combination of MODIS and Landat reflectances considering the differences in space 

and time, in that way it is possible to compute a daily ET product at high spatial resolution for field 

level water applications. 

Geostatistical methods, particularly cokriging, allows the generation of finer spatial resolution RS 

scenes by combining variables at coarse resolution and one or more auxiliary variables at fine scale 

(Atkinson, 2013), provided the fine scale variable is easier to obtain or is more readily available. 

For the case of ET, the downscaled image will have combined data from the original MODIS ET 

coarse pixels (1km) and the auxiliary variable(s). Errors in the original data input will directly be 

reflected in the fine scale results and needs to be considered. 

Since the methodology depends heavily and is sensitive to the quality of the coarse resolution input 

ET data, it is necessary to carry detailed comparisons across the downscaled image and the coarser 

input ET to help characterize and estimate the accuracy of the fine-scale ET values. 

 

2.3.2.1. Approaches for downscaling using Geostatistics. 

There are two major approaches for downscaling RS data using Geostatistics. The first one is 

called Area to Point Kriging (ATPK) and the second one is cokriging. ATPK is the univariate case 

and insures that the predicted values are coherent with the original coarse-scale data (Goovaerts, 

2008). The cokriging method for downscaling differs from ATPK in that it requires two or more 
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variables and, in addition, the model requires punctual variograms and cross-variograms between 

the variables (Atkinson, 2013). The ATPK method has been used for downscaling MODIS data 

(Wang et al., 2015). However, cokriging had not been reported to be used for downscaling MODIS 

images and it looks potentially adequate for increasing the spatial resolution of MODIS ET. 

The theoretical and computational basis of cokriging, for downscaling, is described in Pardo-

Iguzquiza et al. (2006; 2007; 2010). This approach takes into account the pixel sizes (it is not 

limited to two pixel sizes, each image may have a different pixel size) and the spatial structure of 

the input images; in the same way it allows the use of secondary information and provides a 

measure of uncertainty of the downscaled image. The linear cokriging predictor is computed with 

Equation (3). 

𝑍𝑢𝑖

𝑙𝑖 (𝑥0) = ∑ ∑ 𝜆𝑘,𝑗
0 𝑍𝑢𝑘

𝑙𝑘 (𝑥𝑗)
𝑛𝑘
𝑗=1

𝑁
𝑘=1  (3) 

Where 𝑥0 is the spatial location of the pixel being predicted; 𝑥0= {x, y} represents the coordinates 

of the pixel. 𝑍𝑢𝑖

𝑙𝑖 (𝑥0) is the pixel value at spatial location 𝑥0 of the image being predicted with a 

pixel size 𝑢𝑖 and for the waveband li. N is the number of images used in the prediction. 𝑛𝑘 is the 

number of pixels of the kth waveband used in the prediction. This number of pixels, known as the 

neighborhood of pixels in the prediction, may be different for each image. 𝑍𝑢𝑘

𝑙𝑘 (𝑥𝑗) is the pixel at 

spatial location 𝑥𝑗 for the kth image used as a predictor with pixel size 𝑢𝑘 and for the waveband 𝑙k. 

𝜆𝑘,𝑗
0  is the weight assigned to pixel 𝑍𝑢𝑘

𝑙𝑘 (𝑥𝑗) in the prediction of pixel 𝑍𝑢𝑖

𝑙𝑖 (𝑥0). On this project, 

MODIS ET and Enhanced Vegetation Index (EVI) images with different spatial resolutions were 

used instead of wavebands 𝑙i and 𝑙k. The approach is also extendable to more than one covariate 

(including Land Surface Temperature, for example). 
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2.3.2.2. STARFM algorithm 

In 2006, Gao et al. developed the STARFM algorithm to predict daily surface reflectance at 

Landsat spatial resolution and MODIS temporal frequency. The aim was to capture the quantitative 

changes in radiometry (surface reflectance) caused by phenology. They used MODIS daily 500-m 

surface reflectance to produce a synthetic “daily” Landsat image.  

The algorithm introduces additional information to predictions from neighboring pixels. The 

surface reflectance for the central pixel within a target window, for date t0, is computed with 

Equation (4). 

𝐿 (𝑥𝜔
2
, 𝑦𝜔

2
, 𝑡0) = ∑∑ ∑ 𝑊𝑖𝑗𝑘

𝑛

𝑘=1

𝜔

𝑗=1

𝜔

𝑖=1

× (𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡0) + 𝐿(𝑥𝑖, 𝑦𝑗 , 𝑡𝑘) − 𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘))       (4) 

Where ω is the searching window size and (𝑥ω/2, 𝑦ω/2) is the central pixel of this moving window. 

𝑀(𝑥𝑖, 𝑦𝑗 , 𝑡0) is the surface reflectance at a coarser MODIS resolution; 𝐿(𝑥𝑖 , 𝑦𝑗 , 𝑡0) is the Landsat 

data; and 𝑊ijk is a weight of the contribution of each neighboring pixel. Gao et al. (2006) 

recommended calibrating and atmospherically correcting the observations to surface reflectance. 

In addition, this research suggests the implementation of a quality assurance analysis to filter pixels 

with clouds contamination and the use of a classification map to improve the predictions at fine 

scale with the STARFM algorithm. 
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3. PRESENT STUDY 
 

3.1. Summary. 

This study was divided in two parts. In the first part, the proposed methodology for downscaling 

MODIS ET is exhibited in detail and it is applied to the Wellton-Mohawk Irrigation and Drainage 

District in Yuma, Arizona; the downscaling is from 1-km to 250-m-spatial resolution. Appendix 

A corresponds to the first part of the research and covers the first specific objective. 

Appendix B relates to the second part of this research. It focuses on generating vegetation indices 

at 30m which were used later for the downscaling of MODIS ET. The validation of results with 

measured data for different growth stages of cotton in the study area is also discussed in Appendix 

B, encompassing specific objectives two and three. 

 

3.2. Conclusions. 

The study showed the downscaled ET values at 250-m and 30-m-spatial resolutions to be coherent 

with original coarse-scale ET.  

The determination coefficient (R2) between generated surface reflectance at 30m and Landsat TM 

reflectance was 69-73% which indicates reasonable uncertainty. The resulting Two-band 

Enhanced Vegetation Index (EVI2) at 30m allowed the downscaling of MODIS ET with cokriging, 

and the downscaled ET at 30m differed up to 33% from measured ET data. 

Since the required data consist only of satellite imagery and a boundary file of the study area, this 

methodology can be applied to places with no ancillary information or measured ET.  

Another advantage of this approach is that ET at high spatial resolution can be obtained for any 

day of the year if MODIS images are cloud-free. Furthermore, the overall data processing 
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presented in this research can be automated, some computer code is displayed in Appendix C. 

 

3.3. Recommendations. 

Although validation is key to this class of research, ET field data tend to be limited to few stations 

across the irrigation districts. In the study site, there was only one AZMET station, making the 

assessment of accuracy and uncertainty of the resulting finer resolution data quite challenging. In 

addition, the validation exercise was more problematic because the input coarse resolution MODIS 

ET data was exceptionally poor and very different than field data. This further imposed additional 

data processing in order to adjust the original data. 

Since the input data was the major source of error in the downscaled data, it is necessary to note 

that MODIS ET data in arid regions and particularly over irrigated agricultural areas is of 

questionable quality and accuracy and cannot be used as is. This indicates that a more 

comprehensive global validation effort of the MODIS ET (MOD16) is necessary. 

Finally, the steps of the methodology can easily be automated to support near real time ET 

estimation and irrigation scheduling provided a more accurate input ET data is available. An 

automated ET estimation methodology can provide for more accurate water use, water saving, and 

can even be integrated into larger irrigation district management systems. 



 

28 

 

4. REFERENCES 
 

Allen, R. G., Tasumi, M., & Trezza, R. (2007). Satellite-based energy balance for mapping 

evapotranspiration with internalized calibration (METRIC) - Model. Journal of Irrigation 

and Drainage Engineering, 133(4), 380-394.  

Allen, R., Irmak, A., Trezza, R., Hendrickx, J.M.H, Bastiaanssen, W., and Kjaersgaard, J. (2011). 

Satellite-based ET estimation in agriculture using SEBAL and METRIC. International 

Hydrological Processes, 25, 4011–4027. doi: 10.1002/hyp.8408 

Atkinson, P.M. (2013). Downscaling in remote sensing. International Journal of Applied Earth 

Observation and Geoinformation, 22, 106-114. 

Bastiaanssen, W. G. M., Menenti, M., Feddes, R. A., & Holtslag, A. A. M. (1998). A remote 

sensing Surface Energy Balance Algorithm for Land (SEBAL). 1. Formulation. Journal of 

Hydrology, 212, 198-212.  

Bastiaanssen, W.G.M., Noordman, E.J.M, Pelgrum, H., Davids, G., Thoreson, B.P., and Allen, 

R.G. (2005). SEBAL Model with Remotely Sensed Data to Improve Water-Resources 

Management under Actual Field Conditions. Journal of Irrigation and Drainage 

Engineering, 131(1), 85-93. doi: 10.1061/(ASCE)0733-9437 

Bates, B. C., Kundzewicz, Z. W., Wu, S., & Palutikof, J. P. (2008). In Bates B. C., Kundzewicz 

Z. W., Wu S. and Palutikof J. P. (Eds.), Climate change and water. IPCC technical paper 

VI. Geneva, Switzerland: Intergovernmental Panel on Climate Change. 

Chatterjee, S. (2010). Estimating Evapotranspiration using Remote Sensing: A Hybrid Approach 

between MODIS derived Enhanced Vegetation Index, Bowen Ratio System, and ground 

based Micro-meteorological data. (PhD, Wright State University).  

Courault, D., Seguin, B., and Olioso, A. (2005). Review on estimation of evapotranspiration from 



 

29 

 

remote sensing data: From empirical to numerical modeling approaches. Irrigation and 

Drainage Systems, 19(3-4), 3-4.  

Gao, F., Masek, J., Schwaller, M., and Hall, F. (2006). On the Blending of the Landsat and MODIS 

Surface Reflectance: Predicting Daily Landsat Surface Reflectance. IEEE Transactions on 

Geoscience and Remote Sensing, 44(8), 2207-2218. 

Glenn, E. P., Huete, A. R., Nagler, P. L., Hirschboeck, K. K., & Brown, P. (2007). Integrating 

remote sensing and ground methods to estimate evapotranspiration. Critical Reviews in 

Plant Sciences, 26(3), 139-168.  

Goovaerts, P. (2008). Kriging and Semivariogram Deconvolution in the Presence of Irregular 

Geographical Units. Mathematical Geosciences, 40, 101-128.  

Ha, W., Gowda, P.H., and Howell, T.A. (2013) A review of downscaling methods for remote 

sensing-based irrigation management: part I. Irrig. Sci., 31, 831–850. 

Hong, S, Hendrickx, J.M.H., and Borchers, B. (2011) Down-scaling of SEBAL derived 

evapotranspiration maps from MODIS (250m) to Landsat (30m) scales. International 

Journal of Remote Sensing, 32(21), 6457-6477, doi: 10.1080/01431161.2010.512929 

Jia, Z., Liu, S., Xu, Z., Chen, Y. and Zhu, M. (2012). Validation of remotely sensed 

evapotranspiration over the Hai River Basin, China. Journal of Geophysical Research, 117, 

D13113. doi:10.1029/2011JD017037.  

Kalma, J. D., McVicar, T. R., and McCabe, M. F. (2008). Estimating land surface evaporation: A 

review of methods using remotely sensed surface temperature data. Surveys in Geophysics, 

29(4-5), 4-5.  

Karimi, P. and Bastiasnssen, W.G.M. (2015). Spatial evapotranspiration, rainfall and land use data 

in water accounting – Part 1: Review of the accuracy of the remote sensing data. Hydrology 



 

30 

 

and Earth System Sciences, 19, 507–532. doi:10.5194/hess-19-507-2015. 

Ke, Y., Im, J., Park, S., & Gong, H. (2016). Downscaling of MODIS One Kilometer 

Evapotranspiration Using Landsat-8 Data and Machine Learning Approaches. Remote 

Sensing, 8(3), 215. http://doi.org/10.3390/rs8030215 

Kustas, W. P., Lia, F., Jackson, T.J., Prueger, J.H., MacPherson, J.I., and Wolde, M. (2004). 

Effects of remote sensing pixel resolution on modeled energy flux variability of croplands 

in Iowa. Remote Sensing of Environment, 92, 535-547. 

Liang, S. (2004). Quantitative Remote Sensing of Land Surfaces. Hoboken, New Jersey: Wiley & 

Sons, Inc. 534p. 

Long, D. (2011). Improved modeling of evapotranspiration using satellite remote sensing at 

varying spatial and temporal scales. (Ph.D., Texas A&M University). ProQuest 

Dissertations and Theses, (909558796). 

Maes, W. H., & Steppe, K. (2012). Estimating evapotranspiration and drought stress with ground-

based thermal remote sensing in agriculture: A review. Journal of Experimental Botany, 

63(13), 4671-4712. doi:10.1093/jxb/ers165 

Maselli, F., Papale, D., Chiesi, M., Matteucci, G., Angeli, L., Raschi, A., and Seufert, G. (2014). 

Operational monitoring of daily evapotranspiration by the combination of MODIS NDVI 

and ground meteorological data: Application and evaluation in Central Italy. Remote 

Sensing of Environment, 152, 279-290. 

McCabe, M.F. and Wood, E.F. (2006). Scale influences on the remote estimation of 

evapotranspiration using multiple satellite sensors. Remote Sensing of Environment, 105, 

271-285. doi:10.1016/j.rse.2006.07.006 

Mu, Q. (2016, August 22). Improvement of MODIS evapotranspiration (e-mail communication). 

http://doi.org/10.3390/rs8030215


 

31 

 

Mu, Q., Heinsch, F.A., Zhao, M., and Running, S.W. (2007). Development of a global 

evapotranspiration algorithm based on MODIS and global meteorology data. Remote 

Sensing of Environment, 111, 519–536. doi:10.1016/j.rse.2007.04.015 

Mu, Q., Zhao, M., and Running, S.W. (2011). Improvements to a MODIS global terrestrial 

evapotranspiration algorithm. Remote Sensing of Environment, 115, 1781–1800. 

doi:10.1016/j.rse.2011.02.019 

Mu, Q., Zhao, M., and Running, S.W. (2013). MODIS Global Terrestrial Evapotranspiration (ET) 

Product (NASA MOD16A2/A3). Algorithm Theoretical Basis Document. Numerical 

Terradynamic Simulation Group. College of Forestry and Conservation, The University of 

Montana. Missoula, MT. 55p. 

Nadzri, M.I. and Hashim, M. (2014). Validation of MODIS Data for Localized Spatio-Temporal 

Evapotranspiration Mapping. IOP Conf. Series: Earth and Environmental Science, 18. 

doi:10.1088/1755-1315/18/1/012182 

Nagler, P., Glenn, E., Nguyen, U., Scott, R., & Doody, T. (2013). Estimating Riparian and 

Agricultural Actual Evapotranspiration by Reference Evapotranspiration and MODIS 

Enhanced Vegetation Index. Remote Sensing, 5(8), 3849–3871.  

Nagler, P. L.; Cleverly, J.; Glenn, E.; Lampkin, D.; Huete, A.; & Wan, Z. (2005). Predicting 

riparian evapotranspiration from MODIS vegetation indices and meteorological data. 

Remote Sensing of Environment, 94, 17–30. 

Nishida, K., Nemani, R.R., Running, S.W., and Glassy, J.M. (2003). An operational remote 

sensing algorithm of land surface evaporation. Journal of Geophysical Research, 108(D9), 

4270. doi:10.1029/2002JD002062, 2003. 

Oak Ridge National Laboratory Distributed Active Archive Center (ORNL DAAC). (2014). 



 

32 

 

MODIS subsetted land products, Collection 5. Available on-line from ORNL DAAC, Oak 

Ridge, Tennessee, U.S.A. Accessed November 13, 2014. Subset obtained for MOD16A2 

product at 32.7168N, 114.0666W, time period: 2000-01-01 to 2013-12-27, and subset size: 

61 x 31 km. http://daac.ornl.gov/MODIS/modis.html 

Pardo-Iguzquiza, E. and Atkinson, P.M. (2007). Modelling the semivariograms and cross-

semivariograms required in downscaling cokriging by numerical convolution–

deconvolution. Computers & Geosciences, 33, 1273–1284. 

doi:10.1016/j.cageo.2007.05.004 

Pardo-Iguzquiza, E., Atkinson, P.M., and Chica-Olmo, M. (2010). DSCOKRI: A library of 

computer programs for downscaling cokriging in support of remote sensing applications. 

Computers & Geosciences, 36, 881–894. doi:10.1016/j.cageo.2009.10.006 

Pardo-Iguzquiza, E., Chica-Olmo, M. and Atkinson, P.M. (2006). Downscaling cokriging for 

image sharpening. Remote Sensing of Environment, 102, 86–98. 

doi:10.1016/j.rse.2006.02.014 

Paul, G. (2013). Evaluation of surface energy balance models for mapping evapotranspiration 

using very high-resolution airborne remote sensing data. Kansas State University.  

Payero, J. O. (1997). Estimating evapotranspiration of reference crops using the remote sensing 

approach. Utah State University).  

Ruhoff, A. L., Paz, A.R., Aragao, L.E.O.C., Mu, Q., Mahli, Y., Collischonn, W., Rocha, H.R., and 

Running, S.W. (2014). Assessment of the MODIS global evapotranspiration algorithm 

using eddy covariance measurements and hydrological modelling in the Rio Grande basin. 

Hydrological Sciences Journal, 58 (8), 1658-1676. 

Senay, G. B., Bohms, S., Singh, R.K., Gowda, P.H., Velpuri, N.M., Alemu, H., and Verdin, J.P. 

http://daac.ornl.gov/MODIS/modis.html


 

33 

 

(2013). Operational Evapotranspiration Mapping Using Remote Sensing and Weather 

Datasets: A New Parameterization for the SSEB Approach. Journal of the American Water 

Resources Association, 49(3), 577-591. doi: 10.1111/jawr.12057 

Senay, G.B., Verdin, R., Lietzow, J.P., and Melesse, A.M. (2008). Global Daily Reference 

Evapotranspiration Modeling and Evaluation. Journal of the American Water Resources 

Association, 44 (4), 969-979. doi: 10.1111 ⁄ j.1752-1688.2008.00195.x 

Singh, R.K., Senay, G. B., Velpuri, N.M., Bohms, S., and Verdin, J. P. (2014). On the Downscaling 

of Actual Evapotranspiration Maps Based on Combination of MODIS and Landsat-Based 

Actual Evapotranspiration Estimates. Remote Sensing, 6, 10483-10509. 

Singh, R.K., Senay, G. B., Velpuri, N.M., Bohms, S., and Verdin, J. P. (2013). Actual 

Evapotranspiration (Water Use) Assessment of the Colorado River Basin at the Landsat 

Resolution Using the Operational Simplified Surface Energy Balance Model. Remote 

Sensing, 6, 233–256. 

U.S. Bureau of Reclamation. (2014). Estimates of Evapotranspiration and Evaporation along the 

Lower Colorado River. Calendar Year 2010. U.S. Department of the Interior, Bureau of 

Reclamation, Lower Colorado Regional Office, Boulder City, Nevada.  

Velpuri, N.M., Senay, G. B., Singh, R.K., Bohms, S., and Verdin, J. P. (2013). A comprehensive 

evaluation of two MODIS evapotranspiration products over the conterminous United 

States: Using point and gridded FLUXNET and water balance ET. Remote Sensing of 

Environment, 139, 35–49. 

Vinukollu, R.K., Wood, E.F., Ferguson, C.R., and Fisher J.B. (2011) Global estimates of 

evapotranspiration for climate studies using multi-sensor remote sensing data: Evaluation 

of three process-based approaches. Remote Sensing of Environment, 115, 801–823. 



 

34 

 

Wang, K., Wang, P., Li, Z., Cribb, M., and Sparrow, M. (2007). A simple method to estimate 

actual evapotranspiration from a combination of net radiation, vegetation index, and 

temperature. Journal of Geophysical Research, 112(D15), D15107. 

Wang, Q., Shi, W., Atkinson, P. M., & Zhao, Y. (2015). Downscaling MODIS images with area-

to-point regression kriging. Remote Sensing of Environment, 166, 191–204. 

Wilby, R.L. and Wigley T.M.L. (1997). Statistical downscaling of General Circulation Model 

output: a review of methods and limitations. Progress in Physical Geography, 21(4): 530-

548 

Wolper, A. (1962). Heat transfer analysis of factors affecting plant leaf temperature. Significance 

of leaf hair. Plant Physiology, 37(2), 113-120. 

Zhao-Liang, L.; Tang, R.; Wnag, Z.; Bi, Y.; Zhou, C.; Tang, B.; Yan, G.; Zhang, X. (2009). A 

review of current methodologies for regional evapotranspiration estimation from remotely 

sensed data. Sensors, 9(5), 3801-3853. 



 

35 

 

APPENDIX A. Downscaling MODIS Evapotranspiration via Cokriging in 

Wellton-Mohawk Irrigation and Drainage District, Yuma, AZ. 
 

Rodriguez-Rodriguez, J a,b, Didan, K a,b, Yitayew, M a, Slack, D a. 

a Department of Agricultural and Biosystems Engineering; The University of Arizona; 85721, 

Tucson, AZ. 

b Vegetation Index and Phenology Lab, ECE Dept.; The University of Arizona; 85721, Tucson, 

AZ. 

 

Appendix A is a paper submitted for publication in the Proceedings of the First International Forum 

of Mexican Talent “Innovation Match MX 2015-2016” (April 6, 2016). Guadalajara, Mexico. 

 

Abstract. 

Evapotranspiration (ET) is a key climate parameter, and a fundamental input for irrigation 

planning and management. It is also a critical factor for water conservation programs considering 

the challenges associated with agricultural water availability. While estimating global ET with 

remote sensing data is now possible, developing daily-farm-level ET estimates for agricultural 

applications is still a challenge due to the complex spatial downscaling. Herein, we present an 

integrated method for downscaling of 1-km-MODIS ET to 250-m-spatial resolution appropriate 

for farm-level application using a geostatistical approach. The method was applied to the Wellton-

Mohawk Irrigation and Drainage District of Yuma, Arizona, USA. We first characterized the 

spatial variation of ET, and then implemented the cokriging approach to downscale the data using 

Land Surface Temperature and Enhanced Vegetation Index as covariates. The preliminary results 

show that all the variables have anisotropic behavior and were modeled, at point support, using 
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nested exponential models with two structures. A linear model of co-regionalization was also 

applied to all the direct variograms and cross-variograms between variables to guarantee a positive 

definite system. The results show consistent downscaled ET with a variance value greater than the 

variance of the coarse scale input and nearly similar mean values. The correlation coefficient 

(0.992) between the downscaled and the original coarse resolution images confirms the reliability 

of the method. This work illustrates that an operational method for downscaling ET for farm-level 

applications using remote sensing and geospatial techniques is possible. 

 

Keywords: Evapotranspiration, MODIS, Remote Sensing, Point-support Model, Variogram. 

 

1. Introduction 

Studying ET as a climate parameter and water management tool has interested many disciplines 

due to increased water scarcity and its impact on changing climate (Bates et al., 2008) and the 

desire to use water more efficiently. In agriculture, ET is used to assess the amount of water crops 

require to reduce stress. While field based methods are the preferred approach to estimate ET, they 

are usually limited in spatial scope and require intense and expensive setup. Remote sensing (RS) 

based methods to estimate ET on the other hand have been explored with varying degrees of 

success because they are cheap, quick, fairly accurate, and able to cover large areas. Nevertheless, 

RS driven ET estimation methods face major issues and challenges and are hardly applied due to 

their coarse spatial resolution and lack of strong validation. Currently, only a 100km resolution ET 

product useful for climate studies and modeling, in addition to a medium resolution 1km ET 

product are available globally. These are hardly useful for agricultural applications due to farm 

size and crop distribution (Li et al., 2009). In order for RS based ET estimates to be useful for 
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agriculture management either the models need to ingest and be based on finer resolution data or 

the current data scaled to a reasonable resolution that considers the average farm size. 

There are, however, ET products at coarse-spatial resolution from either the Global Daily 

Assimilation System (NOAA-GDAS) or the MODIS Terra and Aqua satellites; the first one has a 

spatial resolution of 1 degree (approximately 100 km) and the second at 1-km-spatial resolution. 

They provide daily ET (high-temporal resolution). Still the spatial resolution is not sufficient for 

water management purposes at the farm level. In addition, MODIS ET has an uncertainty of 10 to 

25% (Mu et al., 2011; Velpuri, 2013; Runhoff, 2014), which is in the range of what has been 

reported for ET measurement. Presently, global and regional ET datasets remained quite limited. 

MODIS is one of the few sources of consistent ET dataset. 

Senay (2008), Li et al. (2009), Long (2011), and Paul (2013) have suggested the downscaling of 

ET from coarser to the desired finer scales; such is the case of NOAA AVHRR/GOES data to 

MODIS or Landsat scales. The downscaling of ET for agricultural applications remains 

challenging and the resulting records uncertain. Although, for field-scale-management and 

applications, ET with a spatial resolution of 30 m (such as the Landsat satellites) would be ideal, 

data availability may make that unachievable. And while most developing countries farms are 

rather tiny plots, large swath of land tend to typically grow the same crops, making medium 

resolution ET maps a practical alternative. The current MODIS 250m spatial resolution could then 

be a practical compromise that will address the temporal resolution with MODIS being a daily 

imager. A 250m product can serve larger irrigation districts in developed countries, where plot 

size is fairly large and regular.  

Our objectives are then to downscale ET data from standard 1-km-MODIS to a medium 250-m-

spatial resolution using a geostatistical technique and test the method in the Wellton-Mohawk 
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Irrigation and Drainage District (WMIDD) of Yuma, AZ, USA. To do so, two auxiliary variables, 

Land Surface Temperature (LST) and Enhanced Vegetation Index (EVI), were utilized. These 

variables have shown a strong linear association with ET in previous empirical models (e.g. 

Chatterjee, 2010; Wang et al., 2007; Nagler et al., 2005) for the estimation of ET using RS data. 

 

2. Materials 

A large and active agricultural production area was selected for this study located in the 

southwestern portion of the state of Arizona, USA. The Wellton-Mohawk Irrigation and Drainage 

District of Yuma, AZ lies between 32o 38’ 0” N and 32o 50’ 0” N latitude and 113o 40’ 0” W and 

114o 27’ 0” W longitude (Figure A1).  

 
Figure A1. Study area. 

 

The area provides an ideal setup for testing and validating the methodology due to its proximity 
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and access to field data and ancillary information. Besides, in this arid region, water resources are 

limited and irrigated agriculture is an important activity. 

The MODIS based Evapotranspiration data at 1km for the study area was obtained primarily from 

the University of Montana Terradynamic group website (http://www.ntsg.umt.edu/ 

project/mod16). The auxiliary variables, LST (at 1-km-spatial resolution) and EVI (at 250m), were 

obtained using the MODIS Reprojection Tool Web Interface (https://mrtweb.cr.usgs.gov/). 

MODIS ET is a level 4 product generated by an algorithm based on the Penman-Monteith method 

for daily values of meteorological records from the Global Modeling and Assimilation Office 

(GMAO) and 8-day data from 1km MODIS albedo, land cover, Leaf Area Index (LAI), and 

Fractional Photosynthetic Active Radiation (FPAR). Mu et al. (2007, 2011) proposed the MOD16 

algorithm for estimating ET at global scale. 

We selected Enhanced Vegetation Index (EVI) since it detects with higher precision the variation 

in high-density-vegetated areas and it reduces atmospheric and soil background noise (Matsushita 

et al., 2007). LST was included in addition to EVI because the correlation coefficient between ET 

and EVI is not sufficiently high enough (see Table A1) and using LST can increase the overall 

accuracy of the downscale image. The size of the pixels in the auxiliary variables does not have to 

be the same than the size of the pixels in downscaled image (Atkinson et al., 2008). 

To minimize the computational requirements of the modelling effort we masked the study area to 

only include the irrigated district. For that, a georeferenced boundary file of the WMIDD was used 

from the Arizona Department of Water Resources website (http://www.azwater.gov/azdwr/GIS/). 

Using this vector file, we are able to mask out areas outside the irrigation district. The methodology 

was applied to an image from April 7, 2010. The date corresponds to one of the more recent years 

the U.S Bureau of Reclamation (2014) made and published based ET measurements. 

http://www.ntsg.umt.edu/project/mod16
http://www.ntsg.umt.edu/project/mod16
https://mrtweb.cr.usgs.gov/
http://www.azwater.gov/azdwr/GIS/
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3. Modelling Approach 

There are two major approaches for downscaling RS data using Geostatistics. The first one is 

called Area to Point Kriging (ATPK) and the second one is cokriging. ATPK is the univariate case 

and insures that the predicted values are coherent with the original coarse-scale data (Goovaerts, 

2008). The cokriging method for downscaling differs from ATPK in that it requires two or more 

variables and, in addition, the model requires punctual variograms and cross-variograms between 

the variables. The theoretical and computational basis of cokriging for downscaling, as well as the 

advantages of cokriging over other methods for downscaling, are described by Pardo-Iguzquiza 

and Atkinson (2007). 

The cokriging approach was adapted to downscale evapotranspiration with Equation (A1). Instead 

of using all the pixels of the original images, neighboring windows of 3x3 pixels of ET and LST 

were utilized, and for EVI moving windows of 5x5 pixels were applied. 

𝑍𝑢
𝐸𝑇(𝑥0) == ∑𝜆𝐸𝑇,𝑗

0

𝑛𝐸𝑇

𝑗=1

𝑍𝑉
𝐸𝑇(𝑥𝑗) + ∑ 𝜆𝐿𝑆𝑇,𝑖

0

𝑛𝐿𝑆𝑇

𝑖=1

𝑍𝑉
𝐿𝑆𝑇(𝑥𝑖) + ∑ 𝜆𝐸𝑉𝐼,𝑘

0

𝑛𝐸𝑉𝐼

𝑘=1

𝑍𝑢
𝐸𝑉𝐼(𝑥𝑘)   (A1) 

In Equation (A1), 𝑥0 is the spatial location of the pixel being predicted; 𝑥0= {x, y} are the 

coordinates of the pixel. 

𝑍𝑢
𝐸𝑇(𝑥0) is the pixel value at spatial location 𝑥0 of the image being predicted (ET) with a pixel size 

u (250m). 

𝑛𝐸𝑇 is the number of pixels of the variable ET used in the prediction; 𝑛𝐸𝑇  =9, 𝑛𝐿𝑆𝑇  =9, 𝑛𝐸𝑉𝐼  =25. 

𝑍𝑉
𝐸𝑇(𝑥𝑗) is the pixel value at spatial location 𝑥𝑖 for variable ET employed as a predictor with pixel 

size V (1km). 

𝜆𝐸𝑇,𝑗
0  is the weight assigned to pixel 𝑍𝑉

𝐸𝑇(𝑥𝑗) in the prediction of pixel 𝑍𝑢
𝐸𝑇(𝑥0). 

The challenge of this approach is finding the weights associated to each of the pixel values in the 
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original images (𝜆𝐸𝑇,𝑗
0 , 𝜆𝐿𝑆𝑇,𝑗

0 , and 𝜆𝐸𝑉𝐼,𝑗
0 ). In matrix form, the cokriging system is 

𝜞 ∙ 𝑳 = 𝑩   (A2) 

Where 𝚪 is the matrix of semivariances between pixel values of ET, LST, and EVI at the original 

scale, and cross-semivariances between pairs of variables. L is the matrix of cokriging weights. 

Finally, B is the matrix of semivariances between the pixel being predicted and all the pixels of 

the available images. 

Using a deconvolution procedure explained in Pardo-Iguzquiza et al. (2010) and FORTRAN code 

DSCOKRI (adapted for downscaling ET), it was possible to obtain the point-support models of 

variograms and cross-variograms between variables. Those models allowed the estimation of the 

elements in the matrices of Equation (A2). The cokriging weights for downscaling ET were 

estimated with Equation (A3). 

𝑳 = 𝜞−1𝑩   (A3) 

The overall proposed methodology for downscaling ET is presented in Figure A2. The input data 

are the images downloaded for the study area. Besides, we did some pre-processing to the original 

images, in order to analyze only the study area in the downscaling process. 

 

3.1. Correlation matrix 

The cokriging approach for downscaling allows the use of auxiliary variables but they need to be 

correlated with the variable that we want to downscale. Statistical data from the images were 

obtained using R software (The R Foundation, 2015). The correlation matrix of Table A1 was 

found considering only the information inside the irrigation district. 

 

3.2. Empirical variograms and cross-variograms 
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R software was selected for the computation of the empirical variograms and cross-variograms 

because it handles irregular shapes. Direct experimental variograms for ET and LST along with 

the cross-variogram ET-LST were calculated with original data at 1-km-spatial resolution. 

However, cross-variograms involving EVI were estimated using resampled data of ET and LST at 

250-m-spatial resolution. 

 
Figure A2. Flowchart for downscaling ET. 

 

Before fitting point-support models, the structures of variograms and cross-variograms were 

analyzed. And the anisotropy parameters were estimated using the Rose Diagram function in R 

software. The anisotropy angle is the angle in the clockwise direction between the north-south axis 

and the axis with the largest range. The anisotropy ratio is calculated with the values of the largest 

range and the shortest range. 

Downscaling

Point-support models

Point-support models

using LMC

Pre-processing
( Reprojecting,

Subsetting,

Co-registration,

Scaling variables )

Downscaled image

Correlation matrix

Induced variograms

Linear Model of

Co-regionalization (LMC)

Solving cokriging system

Empirical variograms and

cross-variograms

Structural analysis

Input data
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3.3. Point-support models 

The point-support models and induced variograms of this research were computed using 

FORTRAN code DSCOKRI1. The point spread function was considered constant for all the 

variograms and cross-variograms.  

For ET, LST, and EVI the point-support models were estimated utilizing the anisotropy parameters 

and the empirical variograms obtained previously. Point-support models were also estimated for 

cross-variograms between variables. 

 

3.4. Linear model of co-regionalization (LMC) 

Setting up an LMC implies that we are obligated to fit models to both the direct and cross-

variograms simultaneously and these models must lead to a positive definite cokriging system. In 

other words, applying an LMC guarantees that the cokriging system in Equation (A2) has a 

solution and that the solution is unique. The easiest way to fit an LMC is utilizing the same range 

and anisotropy parameters in all variograms and cross-variograms, and considering that such 

models may have different sills and nuggets. The LMC was fitted using two exponential structures. 

In the first structure, the long range was computed as the average of all the long ranges in the first 

structure of the direct variograms and cross-variograms obtained previously in the point support 

models. The anisotropy ratio and anisotropy angle were obtained in a similar way and this process 

was later repeated for the second structure. 

 

3.5. Downscaled image 

To applying the LMC a new point-support models were estimated and used to setup the cokriging 

system given by Equation (A2). While we used FORTRAN code for solving Equation (A3) the 
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procedure could have used any other software for linear algebra. The solution of the cokriging 

system gave the weights that are needed in Equation (A1) for the downscaling. Finally, using 

Equation (A1) with the original images of ET, LST, and EVI, and the weights from the cokriging 

model, the downscaled image was obtained as shown in Figure A10. 

 

4. Results and Discussion 

4.1. Pre-processing 

Results of the pre-processing step are shown in Figure A3, Figure A4, and Figure A5. These 

images were used later for downscaling ET with cokriging.  

 
Figure A3. ET variable at 1-km-spatial resolution [mm/day]. 

 

 
Figure A4. LST variable at 1-km-spatial resolution [Kelvin]. 

 

 
Figure A5. EVI variable at 250-m-spatial resolution. 
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4.2. Correlation matrix 

The correlation matrix of Table A1, contains a coefficient of correlation (CC) of -0.56 between ET 

and LST and a CC of 0.53 between ET and EVI. This indicates that pixels with lower LST (e.g. 

pixels in cropped areas) have more evapotranspiration and vice versa, and the values of ET increase 

as the EVI increases in the pixels. 

Table A1. Correlation matrix between variables. 

 
ET_1km 

(mm/day) 

LST_1km 

(Kelvin) 
EVI_250m 

ET_1km 

(mm/day) 
1.0000 -0.5576 0.5282 

LST_1km 

(Kelvin) 
 1.0000 -0.5440 

EVI_250m   1.0000 

 

4.3. Empirical variograms and cross-variograms 

Figure A6 shows the omnidirectional variograms of LST and EVI and the cross-variogram LST-

EVI. Besides each of them was estimated in four directions. 

 
Figure A6. LST-EVI variograms and cross-variogram. 
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Figure A7 and Figure A8 show the directional variograms for LST and EVI, respectively. From 

the structural analysis, it can be seen that LST is anisotropic (variation is not the same in all 

directions), the variation is higher in north-south that in the east-west directions (0 degrees is the 

North-South direction). The anisotropy parameters of all variograms and cross-variograms were 

considered in the estimation of point-support models of Table A2. 

 
Figure A7. Directional variograms for LST. 

 

 
Figure A8. Directional variograms for EVI. 
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4.4. Point-support models 

For all variograms and cross-variograms, point-support models were estimated. The point-support 

model for EVI is presented in Equation (A4), which is a nested model with two exponential 

structures and no nugget effect. The first structure has a sill of 3.0663x106 [(x 1000)2], a long range 

of 490 m, an anisotropy angle of 90o, and anisotropy ratio of 2.04. The parameters of the second 

structure have similar interpretation. Figure A9 shows the induced variograms of EVI estimated 

with Equation (A4). 

𝛾∙ ∙
𝐸𝑉𝐼 𝐸𝑉𝐼(𝑠) = 3.0663𝑥106 𝐸𝑥𝑝 (𝑠; 490, 90, 2.04)  +  4.0180𝑥106 𝐸𝑥𝑝 (𝑠; 5000, 90, 2.80) (A4) 

 
Figure A9. Induced variograms for EVI variable. 
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favored with the scaling of the original variables.  
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Table A2. Point-support models using the LMC. 

PARAMETER 
VARIOGRAM/CROSS-VARIOGRAM 

ET LST EVI ET-LST ET-EVI LST-EVI 

Nugget 0 0 0 0 0 0 

RangeX 1 490 490 490 490 490 490 

RangeY 1 240.19 240.19 240.19 240.19 240.19 240.19 

Sill 1 1060905.4 4625068 3167133 1958814 1480495 2561108 

Angle 1 75 75 75 75 75 75 

RangeX 2 6666.6699 6666.67 6666.67 6666.67 6666.67 6666.67 

RangeY 2 2344.9199 2344.92 2344.92 2344.92 2344.92 2344.92 

Sill 2 1087404.9 4740593 4300627 2007742 1490793 2578922 

Angle 2 77 77 77 77 77 77 

 

4.6. Solving cokriging system 

The solution of the cokriging system for downscaling ET in the Wellton-Mohawk Irrigation and 

Drainage District is given by the matrices of Equation (A5), Equation (A6), and Equation (A7). 

As expected, more weight is given to the pixels in the center of the moving windows. 

𝜆𝐸𝑇,𝑗
0 = [

   0.00034 −0.03216    0.00505
−0.03346 1.12049 −0.03348
   0.00506 −0.03218    0.00034

]   (A5) 

𝜆𝐿𝑆𝑇,𝑖
0 = [

−0.00021 −0.00757    0.00280
−0.00641    0.02276 −0.00640
   0.00280 −0.00756 −0.00021

]   (A6) 

𝜆𝐸𝑉𝐼,𝑘
0 = 

[
 
 
 
 
   0.0036 −0.0159 −0.0042 −0.0185    0.0150
−0.0088 −0.0485 −0.0329 −0.0487 −0.0116
−0.0019 −0.0430     0.4317 −0.0430 −0.0020
−0.0117 −0.0487 −0.0329 −0.0485 −0.0088
   0.0150 −0.0185 −0.0042 −0.0159    0.0036 ]

 
 
 
 

   (A7) 

 

4.7. Downscaled image 

Figure A10 compares the downscaled image of ET with the original data. In all the irrigation 

district, including the plots with no vegetation, ET goes from 0.11 to 6.05 mm/day. The 

downscaled image and the original at 1-km-spatial resolution have almost the same mean, and the 
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variance is higher in the downscaled image as a result of the finer resolution. 

 
Figure A10. Comparison between original MODIS ET (top) and downscaled ET (bottom). 

 

To evaluate the methodology, the finer resolution image pixels were aggregated back to the 

original 1km resolution, and the resulting image was identical to the original one (showing a CC 

of 0.992), which means that the downscaled ET is coherent. While this may indicate little gain by 

using the finer resolution image if one considers the cumulative effect of the overall irrigation 

district (30x90 kilometers) that could translate into big water saving or better crop yield. 

 

5. Conclusions 

This work presented a methodology capable of downscaling ET for farm-level applications using 

remote sensing and geospatial techniques. Using the proposed method, the downscaled ET is 

consistent with a variance value greater than the variance of the coarse scale input with nearly 

similar mean values. The coefficient of correlation (0.992) between the downscaled and the 

original coarse resolution images confirms the reliability of the method. 

At 250m resolution, while still coarse for many agriculture applications, the results are reasonable 

and practical considering regional cropping patterns 
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These results provide a practical approach to addressing some of these challenges. However, they 

still need validation with field ET data from different periods of the growing season and for 

multiple major crops in order to become fully operational. 
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Abstract. 

Irrigated agriculture plays an important role in the economic development of arid and semiarid 

regions of the world. The scarcity of rain water in these regions makes irrigation very important 

for food production. Improving irrigation water use requires crops more aligned with local 

conditions, adoption of precision agriculture technologies, and more efficient water management. 

This in turn means better control of when and how much water to apply for a given farm. 

Scheduling irrigation to apply water on a specific time and precise location on a farm requires 

timely and spatially accurate evapotranspiration (ET) estimation. Field ET measurement remains 

the most precise, but also expensive and limited in scope. Recent advances in modelling with 

remote sensing observations are not providing global synoptic estimation of ET that are out of the 

box operational and ready for integration in natural resources problems. Operational ET 

algorithms, like the one based on the Moderate Resolution Imaging Spectroradiometer (MODIS), 

are now successful at generating ET estimates globally at 1km resolution, however they have 
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limited application in agriculture irrigation water management due to their spatial resolution when 

considering the medium to small size fields. In order to make use of this 1km global ET data a 

downscaling methodology is required. Geostatistical methods have been proposed for downscaling 

ET using vegetation indices as covariates and have shown good results. 

In an earlier effort, an operational method to scale ET from 1km to 250m was successfully 

designed but applications to small and medium size farms were still challenging suggesting the 

strong need for still finer resolution data. Herein, we present a methodology to downscale global 

scale 1km resolution ET to a 30m farm level application for irrigation use. An irrigation and 

drainage district in the Lower Colorado River was used in the model development. The method 

involved downscaling daily vegetation indices (VI) from 250m to the Landsat 30m in order to 

support the downscaling of MODIS 1km ET. Landsat and MODIS reflectances were combined 

with the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM), developed by Gao 

in 2006. This scaling approach was validated with independent observations of Landsat reflectance 

for selected days. The results confirm that this approach has an acceptable uncertainty (R2= 69-

73%). The resulting VI data at 30m was used as covariate to downscale MODIS ET with the 

cokriging approach as detailed in the earlier work. Before validation, original MODIS ET values 

were found to be systematically lower than observed in irrigated areas and needed to be adjusted. 

Our geospatial method was applied to different growth stages of cotton and results were validated 

with actual ET from The Arizona Meteorological Network (AZMET) and published consumptive 

use of water for the area. The adjusted downscaled ET data were comparable to these two 

published data (maximum error of 33%). Our results indicate that the method’s operational merits 

and accuracy depend on the underlying coarse resolution ET data. MODIS ET data seriously 

underestimates ET over irrigated areas, which requires correction using field measured values. The 
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approach shows that the overall methodology works and captures the heterogeneity of the irrigated 

area, which will lead to water savings or crop yield improvement by applying the more precise 

amount in a right location considering this heterogeneity. 

 

Keywords: evapotranspiration, cokriging, EVI2, STARFM algorithm. 

 

1. Introduction 

In arid and semiarid regions, managing agriculture water starts with better irrigation planning and 

evapotranspiration (ET) estimation. Field ET estimation is the most accurate, but remains 

expensive and limited in scope. Remote sensing on the other hand has become a practical tool for 

the estimation of ET. Operational ET algorithms, like the MODIS ET, are now successful at 

generating ET estimates globally at 1km (Mu et al., 2013). ET estimation for irrigation in precision 

agriculture requires an average daily ET estimated over shorter periods of time. The MODIS 8-

day ET product (MOD16) provides frequent data that can serve this purpose. However, at 1-km-

spatial resolution, the product is coarse for most agriculture applications considering the farm size 

and heterogeneity. In order to make use of this 1km ET data, geostatistical methods were 

developed and have shown good results for downscaling ET using vegetation indices as covariates 

(Rodriguez et al., 2016). 

Pardo-Iguzquiza et al. (2006) proposed a cokriging method for downscaling remote sensed data, 

that is an unbiased estimator. Cokriging has been used for downscaling MODIS ET by Rodriguez 

et al. (2016) based on the 250m Enhanced Vegetation Index (EVI) to downscale the 1km MODIS 

ET to 250m. While the method works and has solid technical and operational merits, typical 

irrigated areas tend to be composed of smaller plot sizes and irregular shapes, and the 250m ET 
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remains still too coarse for use in agricultural operational purposes. To improve this data usability, 

herein we present a model to generate vegetation indices at finer scale to support the downscaling 

of MODIS ET. 

A remote sensing based methodology will impose two key tradeoffs, either frequent observations 

at coarse resolution, or finer resolution less frequently. Two major land imager sensors illustrate 

these tradeoffs, the MODIS daily 250m coarse spatial resolution, or the 30m Landsat data with a 

16-day reoccurrence interval. There are however some operational algorithms that attempted to 

blend the high frequency MODIS observations with the finer resolution Landsat in order to 

generate a hybrid finer resolution and daily reflectance data record (Gao et al., 2006). While this 

algorithm has limitations in regions with heterogeneous land cover, accurate predictions can still 

be obtained by filtering the input data using land cover classification maps and limiting the 

application to the most homogenous regions. Agriculture areas are usually homogeneous and fit 

this requirement which provides for a better performance. 

Since the goal was to developed an operational geospatial method, the accuracy of the input coarse 

resolution ET estimates is paramount to the overall method. The input to our approach is the 1km 

MODIS ET, which was found to underestimate the ET values in arid regions (Mu, 2016), 

especially irrigated areas. In this work the issue was addressed by initially applying an operational 

correction term to the MODIS 1km ET data. In so doing a methodology to generate daily 

vegetation indices at 30m from MODIS and Landsat reflectance was developed. A cokriging 

approach was designed to downscale the corrected MODIS ET in the Wellton Mohawk Irrigation 

and Drainage District of Yuma, AZ and was applied to different growth stages of cotton and results 

were validated using data from AZMET and from published ET measurements for the district. 
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2. Material and methods 

2.1. Data. 

The study site for this work was the Wellton-Mohawk Irrigation and Drainage District (WMIDD) 

of Yuma, located in the southwestern part of the state of Arizona, USA. The area lies between 32° 

38’ 0” N and 32° 51’ 0” N latitude and 113° 41’ 0” E and 114° 27’ 0” E longitude (Figure B2). 

MODIS and Landsat satellite imagery covering the study site were acquired from the USGS Land-

Processed archives (http://reverb.echo.nasa.gov and http://earthexplorer.usgs.gov, respectively). A 

georeferenced boundary file of the WMIDD was retrieved from the Arizona Department of Water 

Resources (http://www.azwater.gov/azdwr/GIS/). We also acquired Crop Data Layers (CDL) for 

year 2010 from the United States Department of Agriculture 

(https://nassgeodata.gmu.edu/CropScape/) and ET measurements in the study area from the 

Arizona Meteorological Network (AZMET). Table B1 shows the dates selected for applying and 

testing the research methodology. 

Table B1. Satellite sensor data used in this study. 

Satellite/ 

Sensor 
Product Resolution (m) Dates (DOY in 2010) Bands 

MODIS MOD16A2 (8-day ET) 1 1000 
161-169, 177-185, 2009-217, 

232-240, 241-248 
1 

 
MOD11A1 (Daily LST)  

MOD09GQ (Daily  

Surface Reflectance)  

1000 

250 

248 

164,168, 182, 184, 210, 232, 

248 

1 

1, 2 

Landsat TM Landsat 5  30 168, 184, 232, 248 1, 2, 3, 4, 5, 7 
1 MODIS based ET data were retrieved from http://www.ntsg.umt.edu/project/mod16 (NTSG, 2016). 

 

2.2. Methods. 

ERDAS Imagine (Intergraph, 2014) was used for building classification maps with Landsat 

images, ArcGIS (ESRI, 2014) was used for reprojection, sub setting and map algebra, STARFM 

algorithm (Gao et al., 2006) was used to downscale MODIS to Landsat resolution, R software (The 

http://reverb.echo.nasa.gov/
http://earthexplorer.usgs.gov/
http://www.azwater.gov/azdwr/GIS/
https://nassgeodata.gmu.edu/CropScape/
http://www.ntsg.umt.edu/project/mod16
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R Foundation, 2015) was used to plot variograms and generate the resulting images. The cokriging 

algorithm to downscale the MODIS ET data was developed using FORTRAN code (Pardo-

Iguzquiza et al., 2010). The specific crop coefficient was extracted from the AZCHED (Clark et 

al., 1992). 

An operational method for farm-level applications requires the estimation of ET at a daily step. 

Actual MODIS ET is generated once each 8 days in mm (Mu et al., 2013). This product was 

divided by 8 to obtain daily averages of ET during the 8-day period. The MODIS 250m EVI data 

was scaled to 30m and with the cokriging approach was used to downscale the ET data to 30-m-

spatial resolution. The original MODIS ET data were adjusted to address the underestimation error 

and the downscaling was repeated for different growth stages for cotton. The adjusted downscaled 

ET results were validated using AZMET ET and published water consumptive use values for 

cotton in the study area. 

 

2.2.1. Daily vegetation indices at 30-m-spatial resolution. 

2.2.1.1. Approach for downscaling MODIS to Landsat reflectance. 

The Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) was proposed by Gao 

(2006) to fuse MODIS and Landsat reflectance into a hybrid finer resolution and daily product. 

The algorithm predicts a synthetic Landsat reflectance for a given date t0 by using one pair of 

coincident images from Landsat and MODIS from a different date t1 and the MODIS image from 

date t0 (the date we are interested in). This approach estimates the pixel value located in the center 

of a moving window, which is defined by the user in a parameter file. The computation is described 

by Equation (B1). 
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L(xw/2, yw/2, t0) = ∑∑∑ Wijk

n

k=1

w

j=1

w

i=1

× [M(xi, yj, t0) + L(xi, yj, t1) − M(xi, yj, t1)]   (B1) 

Where L(xw/2, yw/2, t0) is the predicted reflectance value for the central pixel within a moving 

window. M(xi, yj, t0) is the pixel value from MODIS data at location (xi, yj) for date t0. L(xi, yj, t1) 

is the pixel at the same location (xi, yj) but using Landsat data for date t1. W is the size of the 

window, Wijk are the weights given to the pixels employed in the downscaling, and n is the total 

number of selected pixels for the prediction. 

The weights Wijk associated to each of the pixel values within each image are estimated in a three-

step process. First, fine-resolution (Landsat) data are used to search for pixels that are spectrally 

similar to the central pixel of the moving window. Later, the previous chosen pixels are filtered to 

ensure good selections. And lastly, the weights for the selected pixels are computed using fine- 

and coarse-resolution data and considering spectral differences, temporal differences, and 

distances to the central pixel (Figure 1 in Gao et al., 2006). 

 

2.2.1.2. Processing Steps. 

Figure B1 shows the list of steps to generate the 30m vegetation indices. One pair of images 

(MODIS and Landsat) from DOY 232 (equivalent to August 20th, in 2010) are used to calibrate 

the method and then a MODIS image from the later DOY 248 (September 5th) is used to predict 

a 30m reflectance image for the same DOY 248, effectively transforming the MODIS observations 

to Landsat equivalent. 

The procedure was implemented for the red and near-infrared reflectances. In the first step, the 

MODIS daily surface reflectance for dates t1 and t0, and the Landsat reflectances for date t1 were 

downloaded. Later, we applied a Quality Assurance (QA) analysis to remove poor quality data, 
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which is mostly clouds. MODIS images from 2 days before and 2 days after each date were utilized 

to filter the data. For example, if one pixel has poor quality on date t0 the algorithm evaluates the 

reflectance data for the same pixel the day before t0, and it will replace the pixel value with good 

quality data; if the quality was also poor the day before, the evaluation of quality data continues 

for the day after t0, and so on. After the QA analysis the images were georeferenced to the original 

MODIS products. In step 3 we reprojected MODIS images from sinusoidal to UTM 11N so the 

data will properly overlap. The images from both sensors were then co-registered and cropped to 

the study site extent only to minimize processing. The new pixel size for the resampling was 30m 

and the new pixel value was obtained with the nearest neighbor method, which estimates the value 

of the nearest pixel in the original image (ESRI, 2014). 

 
Figure B1. Steps for the computation of daily vegetation indices at 30m using MODIS and Landsat 

reflectances. 

 

Using the six bands of the Landsat image acquired in August 20th, 2010, an unsupervised 

classification map in ERDAS Imagine was created to improve the accuracy of this approach (step 

4). The resulting classification was also cropped to the study area boundary. The results of the pre-

processing steps (1-4), were then implemented with the STARFM algorithm (step 5). Red and NIR 

reflectances were generated and the vegetation index at 30m was computed. The Two-band 

Enhanced Vegetation Index (EVI2) (Jiang et al., 2008) was selected in the downscaling to address 
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the NDVI sensitivity to soil background and saturation at high vegetation density (Huete et al., 

2002). EVI2 is a 2-band alternative index to EVI, which requires 3 bands (blue, red, and NIR) but 

maintains the same performance. 

 

2.2.2. Downscaling with cokriging. 

In this work the cokriging methodology proposed by Pardo-Iguzquiza et al. (2007; 2006) and 

adapted for downscaling MODIS ET by Rodriguez et al. (2016) was used. Cokriging for 

downscaling was performed using two auxiliary variables first (LST and EVI2) and later a single 

covariate (EVI2) since LST contribution was minimal to the downscaling geospatial model. The 

downscaling of MODIS ET via cokriging involves multiple steps: 

Pre-processing. During pre-processing MODIS sinusoidal data was reprojected to UTM zone 11N. 

The data was subset to an area of 89x29 pixels at 1km-spatial resolution containing the study site. 

All images were co-registered to ensure proper overlapping, and all data was properly scaled 

following the product user guide (MOD16 and MOD11) to the proper units (mm d-1 for ET and K 

for LST). EVI2 was preprocessed earlier.  

Correlation matrix. The correlation matrix was computed between the auxiliary variable(s) and 

ET in order to corroborate whether the cokriging can use these variables. High correlation 

coefficients are indicators of good covariates. However, multicollinearity effects may be present 

when using high-correlated auxiliary variables. 

Empirical variograms. R Software was employed for the estimation of the variograms. All the 

variograms and cross-variograms were estimated in four different directions. In addition, no-data 

values in the original ET images were masked for the modeling of empirical variograms. 

Point-support models. FORTRAN code DSCOKRI1, developed by Pardo-Iguzquiza et al. (2010) 
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was used for the estimation of the point-support models of the variograms and cross-variograms. 

Linear Model of Co-regionalization (LMC). An LMC was implemented to guarantee the positive-

definiteness of the cokriging systems of equations. Considering that all the models have the same 

shape, range, and anisotropy parameters, but different sills, we were able to set the LMC for the 

downscaling of ET. Later, we re-estimated the point-support models using the LMC. 

Solution to cokriging system. A 3x3 moving window for the downscaling was applied for the 

coarse-scale image and 9x9 in the fine-scale image. The weights associated with the pixels of 

original MODIS ET and covariates were estimated by solving the cokriging system with 

FORTRAN code DSCOKRI3. 

Downscaled ET. Using Equation (B2), MODIS ET from 1km to 30m was downscaled with two 

auxiliary variables. 

𝑍𝑢
𝐸𝑇(𝑥0) == ∑𝜆𝐸𝑇,𝑗

0

𝑛𝐸𝑇

𝑗=1

𝑍𝑉
𝐸𝑇(𝑥𝑗) + ∑ 𝜆𝐿𝑆𝑇,𝑖

0

𝑛𝐿𝑆𝑇

𝑖=1

𝑍𝑉
𝐿𝑆𝑇(𝑥𝑖) + ∑ 𝜆𝐸𝑉𝐼2,𝑘

0

𝑛𝐸𝑉𝐼2

𝑘=1

𝑍𝑢
𝐸𝑉𝐼2(𝑥𝑘)   (B2) 

In Equation (B2), 𝑥0 is the spatial location of the pixel being predicted; 𝑥0= {x, y} are the 

coordinates of the pixel. 𝑍𝑢
𝐸𝑇(𝑥0) is the pixel value at 𝑥0 of the image being predicted (ET) with a 

pixel size u (30m). 𝑛𝐸𝑇 is the number of pixels of the variable ET used in the prediction; 𝑛𝐸𝑇 =9, 

𝑛𝐿𝑆𝑇 =9, 𝑛𝐸𝑉𝐼2 =81. 𝑍𝑉
𝐸𝑇(𝑥𝑗) is the pixel value at spatial location 𝑥𝑖 for variable ET employed as a 

predictor with a pixel size V (1km). 𝜆𝐸𝑇,𝑗
0  is the weight assigned to pixel 𝑍𝑉

𝐸𝑇(𝑥𝑗) in the prediction 

of 𝑍𝑢
𝐸𝑇(𝑥0). 

 

2.2.3. Validation. 

Consumptive water use in the WMIDD is published for each crop for the Southwestern United 

States (Erie et al., 1981). In addition, the study area is equipped with a weather station that 
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measures daily PET (located in the middle of the WMIDD, see Figure B2). This reference ET 

reported by AZMET was converted to actual ET using the crop coefficient (Kc) approach, with 

AZMET ET0. Crop coefficients were generated with a sinusoidal function based on heat units after 

planting date and regression coefficients from previous studies in Arizona (Clark et al., 1992). 

The diversity in crops and phenological stages on a single date in the WMIDD makes field-ET 

validation complex. Therefore, for the validation of results were limited to cultivated areas of 

cotton (which is one of the main crops in the WMIDD) during 2010. Original MODIS ET values 

were adjusted to actual ET using a regression approach. 

The spatial distribution of the crops during 2010 in the WMIDD was obtained from USDA Crop 

Data Layers for Arizona (USDA, 2016). And, according to Brown (2013) and Ritchie et al. (2004), 

the growth stages of cotton can be obtained using cumulated heat units (HU) after plantation. For 

this research, HU were retrieved from the Roll station of AZMET (The University of Arizona, 

2016), which are computed with the method of Snyder (1985). May 1st, 2010 was considered an 

average planting date for cotton in the entire irrigation district. Then, using the cumulated HU after 

the planting date, four dates corresponding to different growth stages of cotton were selected (four 

middle growth stages of Table B2). 

Table B2. Dates for downscaling ET based on heat unit after May 1st, 2010. 

Growth Stage Cumulated Heat Units DOY Date 

Planting 0 121 May 1st 

Square 800 164 June 13th 

1st Flower 1200 182 July 1st 

Peak bloom 2000 210 July 29th 

Cutoff 2600 232 August 20th 

 

For the adjustment of MODIS ET, a factor α (which is a function of Kc during the different growth 

stages of cotton) was developed. The new MODIS ET values were downscaled to 30m by 
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generating a vegetation index at fine scale first and applying the cokriging approach later as 

described earlier. 

Using the cultivated plots of cotton in 2010, the results of downscaled ET were masked to retain 

only the cotton covered pixels. The downscaled and the actual AZMET ET were compared for 

each date. The downscaled ET was also compared with reported consumptive use of water by 

cotton in the study area. 

 

3. Results and discussion 

3.1. Daily vegetation indices at 30-m-spatial resolution. 

3.1.1. Finer Resolution Surface Reflectance 

Only data from the year 2010 was used for this purpose. MODIS and Landsat images from August 

20th (t1), as well as the MODIS image of September 5th (t0), were used to predict an image at 30-

m-spatial resolution for September 5th. Figure B2 shows the resulting finer resolution (30m) 

Landsat equivalent image using the STARFM algorithm for the red band. 

September 5th was chosen to predict the image at fine-resolution because it is 16 days after the 

August 20th (Landsat repeat cycle is 16 days), and Landsat also acquired an image on that date. 

Figure B3 compares the histogram of the resulting image from the algorithm (top) to the histogram 

of the Landsat scene of DOY 248 (bottom); the mean values of reflectance [x10 000] are 1660 and 

2036, respectively. The scatterplot of both images shows a strong 1:1 tendency as illustrated by 

the 45-degree line. A correlation coefficient of 0.85 (R2= 0.73) was obtained. This uncertainty is 

within the expected range, considering the spatial and temporal differences in the datasets. 
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Figure B2. Study area and results of the STARFM algorithm. (a) MODIS red reflectance for DOY 

232. (b) Landsat red reflectance for DOY 232. (c) MODIS red reflectance for DOY 248. (d) Predicted 

red reflectance for DOY 248. 

 

 

Figure B3. Comparison of predicted and Landsat red reflectance for DOY 248, 2010. 

 

Residuals were obtained by subtracting the predicted red reflectance from the Landsat red 
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reflectance on a pixel by pixel basis. Table B3 shows a mean error of 376.2 (reflectance units are 

multiplied by 10,000) which represents the bias and small values are preferable. The RMSE is 

494.13, this parameter is related to the accuracy of the prediction and small values for this 

parameter are also desired. 

Table B3. Validation errors for predicted Red reflectance with STARFM algorithm. 

Reflectance units are multiplied by 10 000. 

Min 1st Qu. Median Mean 3rd Qu. Max 

-1589.0 190.0 404.0 376.3 593.0 2952.0 

 

The same approach was applied to the near-infrared (NIR) band and the correlation coefficient 

between the Landsat NIR and the predicted NIR reflectance was 0.83 (R2= 0.69). This accuracy is 

also acceptable for high-resolution (30m) reflectance and any error is likely the result of the 

heterogeneity of the area and concentrated in the non-vegetated pixels. 

 

3.1.2. Finer resolution EVI2 

The 30m EVI2 was computed using Equation (B3) from the hybrid Red and NIR bands (Figure 

B4a). 

𝐸𝑉𝐼2 = 2.5 ∗
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅 + 2.4 ∗ 𝜌𝑅𝐸𝐷 + 1
   (B3) 

Figure B4 compares the EVI2 obtained directly with the Landsat reflectance of September 5th, and 

the EVI2 computed with the predicted reflectance of the STARFM algorithm. Mean values of 

EVI2 for predicted and Landsat images are 2121 and 1934, respectively (EVI2 units are also 

multiplied by 10 000). The correlation coefficient between the predicted EVI2 and the Landsat 

EVI2 is 0.67 (R2= 0.44) which also acceptable considering the gain in resolution. 

The histograms in Figure B4 confirm that larger errors are associated with smaller EVI2 values, 
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which corresponds to non-cropped areas. This is further confirmed by the difference image in 

Figure B4c (Landsat EVI2 minus predicted EVI2), where the higher errors correspond to non-

vegetated areas. These results show that the STARFM algorithm performance is acceptable when 

heterogeneity is minimal. 

 
Figure B4. Two-band Enhanced Vegetation Index for DOY 248 in the WMIDD [x 10 000]. (a) EVI2 

from predicted RED and NIR reflectance by STARFM algorithm. (b) EVI2 from Landsat RED and 

NIR reflectance. (c) Residuals plot (Landsat EVI2 – Predicted EVI2). 

 

3.2. Downscaling with cokriging. 

Using the results from above, ET for September 5th, 2010, was downscaled using first two auxiliary 

variables (LST and EVI2) but eventually using only one covariate (EVI2 at 30-m-spatial 

resolution). Analysis using LST show that it adds little to the cokriging method. Results for each 

step of the proposed downscaling method are presented below: 

Pre-processing. Results of the pre-processing step are shown in Figure B5, the original MODIS 

ET at 1km spatial resolution is given in mm d-1, LST variable at 1km is given in K, and EVI2 at 

30m is dimensionless. All variables were cropped to the WMIDD boundaries. 
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Figure B5. Variables for downscaling MODIS ET. (a) ET variable at 1km. (b) LST variable at 1km. 

(c) EVI2 variable at 30m. Strong collinearity was found between EVI and LST, making the later 

redundant and was later removed. 

 

Correlation matrix. The correlation matrix was built using all pixel data of the variables for 

downscaling. The correlation coefficients of Table B4 were obtained considering only the area 

inside the irrigation district and aggregating EVI2 to 1km. A high correlation between ET and 

EVI2 is observed. 

Table B4. Correlation matrix. 

 
ET_1km 

[mm d-1] 

LST_1km 

[K] 

EVI2_30m 

 

ET_1km 

[mm d-1] 

1.0000 -0.5301 0.6695 

LST_1km 

[K] 

 1.0000 -0.4717 

EVI2_30m   1.0000 

 

Empirical variograms. Figure B6 shows the empirical variograms for ET, LST and EVI2 variables 
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and the empirical cross-variograms between pairs of variables. Directional empirical variograms 

were also computed; the directional variograms for EVI2 variable are displayed in Figure B7. 

 
Figure B6. Empirical variograms and cross-variograms. 

 

Point-support models. The point-support models were estimated for all variograms and cross-

variograms. Equation (B4) is the point-support model with the best fitting for the EVI2 variograms. 

𝛾∙ ∙
𝐸𝑉𝐼 𝐸𝑉𝐼(𝑠) = 6.1715𝑥105 𝐸𝑥𝑝(𝑠; 460,90,3.52) + 2.9449𝑥105 𝐸𝑥𝑝(𝑠; 8000,90,2.14)   (B4) 

It is a nested model with two exponential structures, the first structure has a sill of 6.1715x105, a 

range of 460m, anisotropy angle of 90°, and anisotropy ratio of 3.52. The sill is the semi variance 

value in the variogram when further observations are not influenced by the distance (the variation 

remains constant) and the range is the distance at which the sill is reached; anisotropy parameters 

are included in the model because the variation of EVI2 is not the same in all directions. Figure 
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B7 also shows the induced variograms for EVI2 at 30m that are generated with this exponential 

model in four different directions. 

 
Figure B7. Directional empirical and induced variograms for EVI at 30m. 0° is the North-South 

direction and 90° is the East-West direction. 

 

LMC. To ensure the positive definiteness of the system of cokriging equations, we used the LMC 

of Equation (B5). 

𝛾∙ ∙
𝑎 𝑏(𝑠) = c1 Exp(𝐬;  521.4, 101.3, 1.95) + c2 Exp(𝐬;  10393.4, 97.5, 2.51)   (B5) 

Equation (B5) is also a nested-exponential model, and each of its parameters was obtained as the 

average of the same parameters in all the previous point-support models. For example, in the first 

structure, the anisotropy ratio of 1.95 is the average of the anisotropy ratios in the point-support 

models of ET, LST, EVI2, ET-LST, ET-EVI2, and LST-EVI2. Later, the point-support models 

were estimated again using the LMC (Table B5). 
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Table B5. Point-support models using the LMC for downscaling ET, DOY 248, 2010. 

PARAMETER 
VARIOGRAM/CROSS-VARIOGRAM 

ET LST EVI2 ET-LST ET-EVI2 LST-EVI2 

Nugget 0.0 0.0 0.0 0.0 0.0 0.0 

RangeX 1 521.4 521.4 521.4 521.4 521.4 521.4 

RangeY 1 266.8 266.8 266.8 266.8 266.8 266.8 

Sill 1 842760.3 1030771.0 615963.7 675950.2 325457.3 297252.4 

Angle 1 101.3 101.3 101.3 101.3 101.3 101.3 

RangeX 2 10393.4 10393.4 10393.4 10393.4 10393.4 10393.4 

RangeY 2 4134.6 4134.6 4134.6 4134.6 4134.6 4134.6 

Sill 2 863810.7 1056518.0 293916.7 692833.5 327720.9 299320.0 

Angle 2 97.5 97.5 97.5 97.5 97.5 97.5 

 

Solution to cokriging system. Using the new point-support models for all the variograms and cross-

variograms, we were able to set up and solved the cokriging system of equations explained in 

Pardo-Iguzquiza et al. (2006). The solution, matrix L, gives the cokriging weights necessary for 

the downscaling of ET. The cokriging weights are from equations (B6), (B7), and (B8); and as 

expected more weight is always given to the pixels nearer to the pixel being predicted. 

𝜆𝐸𝑇,𝑗
0 = [

   0.02717 −0.10969    0.00442
−0.09555    𝟏. 𝟑𝟒𝟕𝟑 −0.09554
   0.00443 −0.10970    0.02717

]    (B6) 

𝜆𝐿𝑆𝑇,𝑖
0 = [

−0.00027 −0.00098    0.00009
−0.00104    𝟎. 𝟎𝟎𝟑𝟑𝟒 −0.00104
   0.00009 −0.00100 −0.00027

]    (B7) 

𝜆𝐸𝑉𝐼,𝑘
0  =

[
 
 
 
 
 
 
 
 
−0.15808 0.05056 −0.03692
   0.01063 0.02605    0.00031
−0.04004 0.01172 −0.01270

−0.00978 −0.02166 −0.01323
   0.02018    0.01144    0.02112
   0.00093 −0.00614    0.00158

−0.03012 0.02430 −0.10783
   0.00190 0.03240 −0.01366
−0.01926 0.01627 −0.03600

−0.01908 0.02404 −0.00142
−0.02597 0.01976 −0.00593
−0.02602 0.02639 −0.00063

   0.00499    0.00010    0.00570
   0.00411   𝟎. 𝟓𝟒𝟎𝟒𝟒    0.00387
   0.00531    0.00051    0.00481

−0.00085 0.02656 −0.02619
−0.00559 0.01937 −0.02573
−0.00154 0.02435 −0.01925

−0.03618 0.01638 −0.01929
−0.01350 0.03229    0.00190
−0.10797 0.02448 −0.03018

   0.00170 −0.00637    0.00108
   0.02118    0.01142    0.02018
−0.01335 −0.02146 −0.00994

−0.01272 0.01167 −0.04005
   0.00044 0.02586    0.01074
−0.03693 0.05066 −0.15813]

 
 
 
 
 
 
 
 

 (B8) 

 

For the unbiasedness of the cokriging predictor, the sum of the weights need to be equal to 1 

(Pardo-Iguzquiza et al., 2006). Positive weights indicate a contribution to the value and negative 

weights decrease the predicted value. Furthermore, cokriging coefficients greater than one indicate 
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that some predicted values may be greater than the original pixel values. And, as discussed by 

Goovaerts (1997), large negative values may lead to negative predictions. Equation (B7) shows 

small contributions of LST for the downscaling of ET, which suggest that using EVI2 only may 

still be as effective with little to no negative impact. Reducing the number of variable to only one 

means also a faster and less dependent model. 

Downscaled ET. The downscaled image was obtained using the weights in equations (B6), (B7), 

and (B8) in combination with the original data of the images of ET, LST and EVI2 -see Equation 

(B2)-. The results of the downscaling are illustrated by Figure B8. 

 
Figure B8. Results of downscaling MODIS ET, DOY 248, 2010. (a) Original ET at 1-km-spatial 

resolution. (b) Downscaled ET at 30-m-spatial resolution. The finer resolution suggests a more 

accurate ET estimation and consequently better water management. 

 

The minimal contribution of LST in the downscaling process and the high correlation coefficient 

between ET and EVI2 for different dates (greater than 0.57 in all cases) indicates that one variable 

is sufficient for the downscaling of MODIS ET. Table B6 shows correlation coefficients between 

ET and EVI2 for five different dates in 2010.  
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Table B6. Correlation coefficients between ET and aggregated values of EVI2. 

DOY CC (ET, EVI2_agg) 

164 0.6852 

182 0.5699 

210 0.6074 

232 0.7516 

248 0.6695 

 

When ET for DOY 248 was downscaled using EVI2 as the only auxiliary variable, there was no 

statistical difference in the results (R2= 0.9998). Figure 4b in Atkinson et al. (2008) shows that the 

variance of the predictor error of super-resolution pixels (30m) is a function of the correlation 

coefficient between the variables utilized in the downscaling via cokriging. The variance of the 

predictor error drops drastically for correlation coefficients greater than 0.6. Thus, the method will 

be more efficient with correlation coefficients that are larger than 0.6; the larger the correlation 

coefficient, the better. 

 

3.3. Validation. 

3.3.1. Crop ET from AZMET data. 

Figure B9 shows the calculated crop ET for the AZMET Roll station for different dates.  

 
Figure B9. ETc for cotton using AZMET data for year 2010. 
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Crop coefficients (Kc) were computed with AZSCHED (Clark et al., 1992) and the resulting heat 

based Kc for cotton is given by Equation (B9). This Kc value is used to compute the actual ET from 

the PET provided by AZMET. 

𝐾𝑐 = 1.0187 sin(𝑦) − 0.2874 sin(2𝑦) − 0.05256 sin(3𝑦)  − 0.0361 sin(4𝑦)

+ 0.0318 sin(5𝑦) − 0.0077 sin(6𝑦) (B9) 

Where Kc is the crop coefficient and y=π*HU/C0 where HU is the cumulative heat units and C0 is 

the value of HU at the end of the crop season (Hla et al., 1996). The value C0 was considered 1890 

HU based on centigrade degrees; equivalent to the 3400 HU based on Fahrenheit degrees for cotton 

maturity (Brown, 2013). Table B7 shows the computed values of actual ET for cotton in the study 

area. 

Table B7. Actual ET for cotton using AZMET data. 

DOY AZMET ET0 (mm d-1) Estimated Kc 1 AZMET ETc 2 (mm d-1)  

164 6.35 0.409 2.59  

182 8.12 0.784 6.37  

210 7.62 1.106 8.43  

232 7.36 0.825 6.08  

248 7.36 0.294 2.17  
1 Kc was estimated with Equation (B9). 
2 AZMET ETc was estimated by multiplying ETo and Kc. 

 

3.3.2. Adjustment of original MODIS Evapotranspiration data. 

As explained earlier MODIS underestimates evapotranspiration of irrigated lands in arid regions. 

And while improvements to the MOD16 algorithm have been implemented and tested in areas like 

the Nile River basin (Mu, 2016) the currently distributed data still uses the old ET model. To 

support our approach and make use of the current MODIS ET, we devised a simple method for 

adjusting the standard data using a multiplication factor ‘α’ which is a function of the crop 

coefficient. 
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This adjustment factor (α) was estimated using 8-day ET data from AZMET and MODIS in the 

WMIDD site. Daily crop ET values (from Figure B9) during 8 days were summed to obtain the 8-

day AZMET ET. For MODIS ET during the same 8-day period, the mean value of 14 pixels was 

computed. Those pixels correspond to cotton plots within a radius of 5 km from the AZMET Roll 

station. The alpha factor was obtained by dividing the AZMET ET by MODIS ET for each period. 

A strong correlation (R2=0.798) between this correction factors and the crop coefficients was 

observed (Figure B10). Because of this strong correlation we fitted a model to estimate α from Kc 

following Equation (B10). 

 
Figure B10. Adjustment factor for MODIS ET based on Kc. 

 

𝛼 = −41.106 𝐾𝑐
3 + 57.142 𝐾𝑐

2 − 1.9873𝐾𝑐 + 1.6231   (B10) 

Using Equation (B10) we adjusted the 8-day MODIS ET of the study area. Table B8 shows the 

average values of current and adjusted MODIS ET at 1-km-spatial resolution in the WMIDD 

considering only the cultivated areas of cotton for each downscaling date in 2010. 

 

3.3.3. Downscaling results for different growth stages of cotton. 

In addition to DOY 248, we downscaled MODIS ET from 1-km-spatial resolution to 30m for four 
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additional phenological stages in 2010. Those dates included June 13th (DOY 164), July 1st (DOY 

182), July 29th (DOY 210), and August 20th (DOY 232). To minimize the impact of heterogeneity, 

roads, urban zones, riparian vegetation, and bare soil were masked out using the USDA crop data 

layers for year 2010. The resulting images of the downscaling were clipped to retain the cotton 

plots in 2010 only. Figure B11 shows the results of the downscaling for different dates. 

Table B8. Mean current and adjusted MODIS ET for cotton crops in the WMIDD. Year 2010. 

DOY Current MODIS ET (mm d-1) α Adjusted MODIS ET (mm d-1) 

164 0.48 6.91 3.31 

182 0.08 13.78 1.07 

210 0.41 13.49 5.50 

232 0.30 15.91 4.78 

248 0.23 13.51 3.05 

 

 
Figure B11. Downscaled ET for different growth stages of cotton in 2010. 

 

Table B9 contains the data attributes of the downscaled ET images. Even with the correction to 

MODIS ET, DOY 182 values are still very low. We attribute the errors to the MODIS ET model 

ingesting poor quality remote sensing data. This is further confirmed by the presence of lower 
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quality surface reflectance data from MOD09GQ product in the period DOY 177-185, likely as a 

result of clouds. As a consequence, the MODIS ET for that 8-day period was underestimated. 

Table B9. Data attributes of downscaled ET for different growth stages of cotton in 2010. 

DOY_164 DOY_182 DOY_210 DOY_232 DOY_248 

Min.: 0.000 Min.: 0.000 Min.: 0.000 Min.: 0.000 Min.: 0.000 

1st Qu.: 2.153 1st Qu.: 0.7044 1st Qu.: 5.483 1st Qu.: 5.197 1st Qu.: 2.750 

Median: 3.956 Median: 1.2875 Median: 8.394 Median: 7.649 Median: 4.679 

Mean: 4.259 Mean: 1.5204 Mean: 8.645 Mean: 7.893 Mean: 4.965 

3rd Qu.: 5.791 3rd Qu.: 2.1255 3rd Qu.: 10.861 3rd Qu.: 10.348 3rd Qu: 6.553 

Max.: 17.064 Max.: 6.0338 Max.: 24.437 Max.: 21.049 Max.: 15.888 

 

3.3.4. Comparing downscaled ET with AZMET ET and consumptive use of water by cotton. 

Table B10 summarizes the validation results. For DOY 164, the mean value of ET at 30-m-spatial 

resolution for cotton areas is 62% greater that the computed value with AZMET data. However, it 

only differs 29% from the value of consumptive use (CU) of water by cotton reported by Erie et 

al. (1981). For the initial growth stage (square), Figure B11 shows a large spatial variation of ET 

as a result of different planting dates. On DOY 164 residuals are larger compared to AZMET data 

since it considers the planting date in May 1st and harvesting date in September 26th, while the CU 

report considers a cotton crop with a growth season from April through October. 

Table B10. Actual ET for cotton in the WMIDD. 

DOY AZMET ETc 1 (mm d-1) ET30m 2 (mm d-1) CU 3 (mm d-1) 

164 2.63 4.26 3.30 

182 5.34 1.52 7.87 

210 7.71 8.65 9.89 

232 6.93 7.89 9.48 

248 4.30 4.97 7.37 
1 AZMET ETc from Table B7. 
2 ET30m is the average downscaled ET in cotton areas. 
3 CU is the consumptive use of water by cotton reported on Erie et al. (1981). 
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DOY 182 is excluded from this analysis due to quality issues in original data. For the mid-season 

(peak bloom), the residuals are acceptable. The mean value of downscaled ET for cotton plots in 

DOY 210 is 12% above the actual ET from AZMET and it is 13% below the reported value of CU 

of water by cotton for the same period. In the late season (cutoff), the mean value of ET at 30m is 

16% greater than the actual ET from AZMET and 33% lower than the reported value of CU of 

water by cotton. In general, these residuals are acceptable (up to 33%) considering the validation 

process assumptions and data issues. 

In addition to the errors resulting from the downscaling method, errors in the MODIS inputs to the 

MOD16 ET algorithm add up leading to these differences. While this is of concern, it has little 

impact on the integrity of our proposed geospatial downscaling methodology since it still presents 

a fast and practical method for estimating water demands of plants without the explicit need for 

measuring field ET or meteorological parameters. Our method can benefit from the presence of 

weather stations for calibrating and validating the data like we showed for our site. And 

performance will be directly related to the input quality. 

 

3.4. Water estimation improvement using 30m downscaled ET. 

Here we investigate the incremental gains resulting from the use of finer resolution data. The 

higher resolution ET data can improve the estimation of crop water requirements. Scenes from 

DOY 232 were selected because there is a Landsat image available (Figure B12b) and it shows the 

spatial details of the various established crops during that date. Since the downscaling is still not 

crop specific, the analysis was focused on all crop areas (alfalfa, cotton, and sod/grass) estimated 

to about 494.4 ha in the central part of the WMIID. 
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Figure B12. Improved water requirements estimation using 30m ET downscaled for DOY 232 in a 

central area of the WMIDD. (a) 1km MODIS ET. (b) Landsat composite. (c) 30m Downscaled ET. 

(d) ET per plot using 1km MODIS ET. (e) ET difference: (e)= (f) – (d). (f) ET per plot using 30m 

Downscaled ET. 

 

The required net volume of water (without taking into account irrigation efficiencies) was 

quantified for each of the 67 plots shown in Figure B12b, considering first 1km ET data and later 

the downscaled ET at 30m. ET data in the cropped areas at both scales (figures B12d and B12f) 

are summarized in Table B11. 

For the estimation of the water volume with coarse-scale ET on each of the plots (Figure B12d), 

the surface area of each plot was multiplied by the corresponding pixel value of 1km MODIS ET 

(Figure B12a). In a similar way, the required volume of water according to the high resolution ET 

data (Figure B12f) was estimated by multiplying the surface area of each plot and the average 

value of the 30m ET pixels (Figure B12c) within each plot. Results indicates that the total required 



 

80 

 

volume of water using data of Figure B12a is 39, 140.7 m3; however, using the data of Figure B12c 

the required volume in the same area increases to 45, 551.4 m3. In other words, by using ET at 

coarse scale we will be applying 13 cubic meters less per hectare than using high resolution ET 

data. Additionally, Figure B12e shows the difference in using ET data at two different scales. 

Residuals are larger for isolated small plots than for large swaths of agriculture land with the same 

crops (maximum difference is 3.75 mm d-1 and RMSE=1.64). This indicates that fine scale ET is 

capable of capturing the necessary detail to accurately water needs than coarse scale ET for 

irrigation districts made up of smaller plot size farms or large agricultural areas with diverse crops. 

Table B11. Coarse and fine scale ETc statistics in a crop area with 67 plots. 

 1km MODIS ET (mm d-1) 30m Downscaled ET (mm d-1) 

Mean 7.812 9.086 

Standard Error 0.300 0.341 

Median 8.751 10.056 

Standard Deviation 2.454 2.795 

Sample Variance 6.021 7.814 

Kurtosis 1.146 0.827 

Skewness -1.121 -1.117 

Range 10.540 12.220 

Minimum 0.000 0.554 

Maximum 10.540 12.773 

Sum 523.423 608.774 

 

We demonstrated a simple and effective approach for downscaling ET based on well tested and 

accepted geospatial methodology. We tested and validated our approach during key growing 

season dates. However, the method depends heavily and is sensitive to the quality of the coarse 

resolution ET data. The crop coefficient method and field based methods while effective lack the 

explicit spatial representation to capture the full benefit of the proposed methodology. 
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4. Conclusions 

An end to end method for downscaling ET data for field application was presented. Previous 

models for downscaling MODIS ET (Ke et al., 2016, for example) were limited by the availability 

of cloud-free Landsat images, our approach may be applied using a variety of readily available 

data coupled with the finer resolution Landsat. The method is based on the generation of daily 

vegetation indices at 30m using STARFM algorithm which performed well when heterogeneity is 

minimal. Remote sensing vegetation index data is limited to daily 250m from MODIS which is 

still coarse for most farm applications, or 30m vegetation indices from Landsat that is only 

available once every 16 days and possibly less if clouds were present. Here we presented, tested 

and validated a hybrid approach using Landsat and MODIS fusion to generate 30m vegetation 

indices with acceptable uncertainty (R2= 69-73%), capable of capturing the farm-level details and 

drive precise ET estimation. 

While we used both LST and EVI2, our analysis indicates that one auxiliary variable was enough 

for the downscaling of MODIS ET with cokriging. LST contribution was minimal to the 

downscaling geospatial model and using EVI2 only as a covariate we avoid the collinearity 

problems and reduce our method dependency on data. 

This work also indicates that current MODIS ET estimates for irrigated lands in arid regions are 

clearly underestimated. However, we developed a simple crop coefficient based correction method 

to validate the proposed methodology. The downscaled ET data for different growth stages of 

cotton were comparable to two published data records (maximum error of 33%). The method 

shows that ET for farm-level applications can be generated using remote sensing and geospatial 

techniques. The proposed downscaling results are not crop specific and show potential for either 

crop yield improvement by indicating the need to apply more water or water saving by showing 
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where water needs to be apply less. We tested the implications on water application using a 494 

ha cropland area in the WMIDD, and found that using the 30m ET suggests increasing the applied 

volume of water by 13 cubic meters per hectare in comparison to ET based on the 1km MODIS 

ET data. 

Whereas, we showed a fast and robust remote sensing method for water requirement estimation at 

the farm scale level, our analysis points to the strong dependency on the quality of input data. Thus 

this methodology is applicable to places where global ET datasets at coarse scale has been 

validated with field data. 
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APPENDIX C. Scripts for the downscaling of MODIS ET 
 

The purpose of this appendix is to provide some tools to facilitate the downscaling of global 

evapotranspiration using cokriging. Python scripts require the installation and a license of ArcGIS. 

R scripts require the installation of R software. Additional computer code has been already 

published in the referred manuscripts. 

 

C.1. Pre-processing Landsat and MODIS reflectances 

#--------------------------------------------------------------------------- 

#Python script for pre-processing Landsat images before applying the STARFM 

#algorithm 

#--------------------------------------------------------------------------- 

//For Landsat image of DOY 168 (required for generating EVI2 in DOY 164) 

import arcpy, string, os, glob, shutil 

from arcpy import env 

from arcpy.sa import * 

# Check out extension license 

arcpy.CheckOutExtension("spatial") 

# Overwrite existing files 

arcpy.env.overwriteOutput = True 

# Paths (path and filenames may be different for each user) 

shapesPath= 'D:/COKRIGING/' 

subarea_shape= shapesPath+'SA_utm.shp' #Rectangular area around the WMIDD 

arcpy.env.workspace = r'D:/COKRIGING/d164/StarFM/2 Landsat/' 

inputPath = env.workspace 

os.chdir(inputPath) 

print ('Input path is ' + inputPath) 

 

for day in range (168,169):   

    inputFile1= 'LT50380372010168EDC00_sr_band3.tif' 

    inputFile2= 'LT50380372010168EDC00_sr_band4.tif' 

  ##Name of the pre-processed Landsat images 

    outputFile1= 'l5_red_'+str(day)+'.dat' 

    outputFile2= 'l5_nir_'+str(day)+'.dat' 

  ##Subsets 

    arcpy.Clip_management(inputFile1, "732295.931091309 3611316.45709229 \    

815675.009887695 3639072.54888916", inputPath+'/'+outputFile1, \ 

subarea_shape, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

    arcpy.Clip_management(inputFile2, "732295.931091309 3611316.45709229 \ 

815675.009887695 3639072.54888916", inputPath+'/'+outputFile2, \ 

subarea_shape, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

print "Done with Preprocessing of Landsat images!" 
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#---------------------------------------------------------------------------

#Python script for pre-processing MODIS images before applying the STARFM 

#algorithm 

#--------------------------------------------------------------------------- 

# A) Reprojecting MODIS images to UTM11 (uses images generated after the QA 

# analysis) 

import arcpy, string, os, glob, shutil 

from arcpy import env 

from arcpy.sa import * 

# Check out extension license 

arcpy.CheckOutExtension("spatial") 

# Overwrite existing files 

arcpy.env.overwriteOutput = True 

arcpy.env.pyramid = "NONE" #No pyramids To avoid large files 

# Set up paths 

arcpy.env.workspace = r'D:\COKRIGING\d164\StarFM\QA_results' 

inputPath = env.workspace 

os.chdir(inputPath) 

print ('Input path is ' + inputPath) 

# Function to obtain name of HDF files in a list  

def getHDFdates(in_hdfs):  

    hdf_dates = [] 

    for hdf in in_hdfs: 

        hdf_name, hdf_ext = os.path.splitext(hdf) 

        hdf_dates.append(hdf_name.split(".")[1]) 

    return list(set(hdf_dates)) 

 

# Function to extract a band from the list of HDFs 

def splitHDFs(in_hdfs, bandNo, ext): 

    split_list =[] 

    for hdf in in_hdfs: 

        raster_name, raster_ext = os.path.splitext(os.path.basename(hdf)) 

        raster_name_new = raster_name + "_b0" + str(bandNo) + ext 

        # Put all split files in separate folder 

        outpath=os.path.abspath(os.path.join(os.path.dirname(hdf), \ 

    'HdfBands')) 

        if not os.path.exists(outpath): 

            os.makedirs(outpath) 

        # Add filename to list 

        split_list.append(os.path.join(outpath, raster_name_new)) 

        # Split off file using index [0]= band 1, [1]= band 2 

        arcpy.ExtractSubDataset_management(hdf, os.path.join(outpath, \ 

    raster_name_new), bandNo - 1) 

    return split_list 

     

# Extracts red band from HDF files (similar script is used for the NIR band) 

in_rasters_hdf=glob.glob(inputPath+'\*.hdf') #List all hdf rasters in path  

date_list= getHDFdates(in_rasters_hdf) #Get the list of unique dates 

print (date_list) 

#Split the hdfs into separate bands 

list_b1= splitHDFs(in_rasters_hdf,1,".tif")  

 

#Reprojecting 

in_rasters_b1= glob.glob(inputPath +'/HdfBands'+ '/*b01.tif') # List all band 

1 rasters in HDF directory 

# Loop through rasters 

for raster_b1 in in_rasters_b1: 
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    b1_basename = os.path.basename(raster_b1) 

    b1_split = b1_basename.split(".") 

    b1_name = b1_split[0] + "." + b1_split[1] + "." +b1_split[2] + "." + \ 

b1_split[3] + "." + b1_split[4] +".tif" 

    print "b1_name is " + b1_name 

# Set up the output file name 

    b1_name_out = b1_split[1] + "_red_utm11.img" 

# Reproject to from MODIS sinusoidal to UTM11 

    print 'Reprojecting image to UTM11' 

    arcpy.ProjectRaster_management(inputPath+'/HdfBands/'+b1_name, \ 

     inputPath+'/HdfBands/'+b1_name_out, \ 

     out_coor_system="PROJCS['WGS_1984_UTM_zone_11N', \ 

     GEOGCS['GCS_WGS_1984',DATUM['D_WGS_1984',SPHEROID['WGS_1984',6378137.0,\ 

     298.257223563]],PRIMEM['Greenwich',0.0], \ 

     UNIT['Degree',0.0174532925199433]],PROJECTION['Transverse_Mercator'], \ 

     PARAMETER['false_easting',500000.0],PARAMETER['false_northing',0.0], \ 

     PARAMETER['central_meridian',-117.0],PARAMETER['scale_factor',0.9996], \ 

     PARAMETER['latitude_of_origin',0.0],UNIT['Meter',1.0]]", \  

     resampling_type="NEAREST", cell_size="231.65625 231.65625", \ 

     geographic_transform="", Registration_Point="", \ 

     in_coor_system="PROJCS[ \ 

     'Unknown_datum_based_upon_the_custom_spheroid_Sinusoidal', \ 

     GEOGCS['GCS_Unknown_datum_based_upon_the_custom_spheroid', \ 

     DATUM['D_Not_specified_based_on_custom_spheroid', \ 

     SPHEROID['Custom_spheroid',6371007.181,0.0]], \ 

     PRIMEM['Greenwich',0.0],UNIT['Degree',0.0174532925199433]], \ 

     PROJECTION['Sinusoidal'],PARAMETER['false_easting',0.0], \ 

     PARAMETER['false_northing',0.0],PARAMETER['central_meridian',0.0], \ 

     UNIT['Meter',1.0]]") 

 

# B) Subsetting and resampling MODIS images  

import arcpy, string, os, glob, shutil 

from arcpy import env 

from arcpy.sa import * 

# Check out extension license 

arcpy.CheckOutExtension("spatial") 

# Overwrite existing files 

arcpy.env.overwriteOutput = True 

# Set up paths 

shapesPath= 'D:/COKRIGING/' 

subarea_shape= shapesPath+'SA_utm11_landsat.shp' 

subarea_shape2= shapesPath+'Clip_after_resampling.shp' 

arcpy.env.workspace = r'D:/COKRIGING/d164/StarFM/QA_results/HdfBands/' 

inputPath = env.workspace 

os.chdir(inputPath) 

print ('Input path is ' + inputPath) 

 

for day in range (164,165): 

    inputFile1= inputPath+'/A2010'+str(day)+'_red_utm11.img'  

    inputFile2= inputPath+'/A2010'+str(day)+'_nir_utm11.img' 

    ##MODIS images 

    outputPath1= 'D:/COKRIGING/d'+str(day)+'/StarFM/1 MODIS/' 

    outputFile1= 'MOD_red_'+str(day)+'_clip.img' 

    outputFile2= 'MOD_red_'+str(day)+'_co.img' 

    outputFile3= 'MOD_red_'+str(day)+'_res.img' 

    outputFile4= 'MOD_red_'+str(day)+'.dat' 

    outputFile5= 'MOD_nir_'+str(day)+'_clip.img' 
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    outputFile6= 'MOD_nir_'+str(day)+'_co.img' 

    outputFile7= 'MOD_nir_'+str(day)+'_res.img' 

    outputFile8= 'MOD_nir_'+str(day)+'.dat' 

 

  ##Subsets 

    arcpy.Clip_management(inputFile1, "732295.931091309 3611316.45709229 \ 

815675.009887695 3639072.54888916", \ 

outputPath1+outputFile1, subarea_shape, nodata_value="-9999", \  

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

    arcpy.Clip_management(inputFile2, "732295.931091309 3611316.45709229 \ 

815675.009887695 3639072.54888916", \ 

outputPath1+outputFile5, subarea_shape, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

  ##Georeferencing the subset 

    source_pnt = "'732289 3639078.5'" 

    target_pnt = "'732285.15 3639074.9'" 

    arcpy.Warp_management(outputPath1+outputFile1, source_pnt, target_pnt, \ 

outputPath1+outputFile2, "POLYORDER0", "NEAREST") 

    arcpy.Warp_management(outputPath1+outputFile5, source_pnt, target_pnt, \ 

outputPath1+outputFile6, "POLYORDER0", "NEAREST") 

  ##Resampling 

    arcpy.Resample_management(outputPath1+outputFile2, \ 

outputPath1+outputFile3, "30", "NEAREST") 

    arcpy.Resample_management(outputPath1+outputFile6, \ 

outputPath1+outputFile7, "30", "NEAREST")    

  ##subsetting the resampled image and Converting to DAT file 

    arcpy.Clip_management(outputPath1+outputFile3, "732295.931091309 \ 

3611316.45709229 815675.009887695 3639072.54888916", \ 

outputPath1+outputFile4, subarea_shape2, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

    arcpy.Clip_management(outputPath1+outputFile7, "732295.931091309 \ 

3611316.45709229 815675.009887695 3639072.54888916", \ 

outputPath1+outputFile8, subarea_shape2, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 
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C.2. Pre-processing MODIS ET. 

#---------------------------------------------------------------------------

#Python script for pre-processing MODIS ET 

# It is required to reproject MODIS ET images first with a similar 

# script to Appendix C.1. 

#---------------------------------------------------------------------------

import arcpy, string, os, glob, shutil 

from arcpy import env 

from arcpy.sa import * 

# Check out extension license 

arcpy.CheckOutExtension("spatial") 

# Overwrite existing files 

arcpy.env.overwriteOutput = True 

# Set up paths 

shapesPath= 'D:/COKRIGING/' 

clip_29= shapesPath+'29x89clip_utm11.shp' 

clip_30= shapesPath+'SA_utm11_landsat.shp' 

clip_899= shapesPath+'899x2759clip_utm11.shp' 

clip_WMIDD= shapesPath+'WMIDD_utm11.shp' 

arcpy.env.workspace = r'D:/COKRIGING/d164/Preprocessing/HdfBands/' 

inputPath = env.workspace 

os.chdir(inputPath) 

print ('Input path is ' + inputPath) 

 

for day in range (164,165): 

    inputFile= inputPath+'/ET_'+str(day)+'_utm11.img' 

    ##Outputs 

    outputPath= 'D:/COKRIGING/d'+str(day)+'/Preprocessing/' 

    outputFile1= 'ET_'+str(day)+'_clip.img' 

    outputFile2= 'ET_'+str(day)+'_co.img' 

    outputFile3= 'ET_'+str(day)+'.img'         #file with mm/day units 

    outputFile4= 'ET_'+str(day)+'_mask.img' 

    outputFile5= 'ET_'+str(day)+'_clip2.img'   #subset for resampled image 

    outputFile6= 'ET_'+str(day)+'_co2.img' 

    outputFile7= 'ET_'+str(day)+'_2.img'         #file with mm/day units 

    outputFile8= 'ET_'+str(day)+'res.img'        #resampled file to 30m 

    outputFile9= 'ET_'+str(day)+'_res.img'       #clip after resampling 

    outputFile10= 'ET_'+str(day)+'_res_mask.img' #mask after resampling 

 

  ##Subsetting 

    arcpy.Clip_management(inputFile, "732296.004745019 3612646.78191288 \ 

814353.065513761 3639063.78379095", \ 

outputPath+outputFile1, clip_29, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

   

  ##Georeferencing the subset 

    source_pnt = "'732289 3639078.5'" 

    target_pnt = "'732284.809 3639075.1929'" 

    arcpy.Warp_management(outputPath+outputFile1, source_pnt, target_pnt, \ 

outputPath+outputFile2, "POLYORDER0", "NEAREST") 

 

  ##Converting to mm/day units and non-negative 

    ET=Con(Raster(outputPath+outputFile2) < 30000, \  

Raster(outputPath+outputFile2) *0.1/8,0) 
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    ET.save(outputPath+outputFile3) 

 

  ##WMIDD Subset (mask) 

    arcpy.Clip_management(outputPath+outputFile3, "739537.103408592 \ 

 3613492.1195737 810270.476816187 3638691.92911149", \ 

 outputPath+outputFile4, clip_WMIDD, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

 

  ##Subset for resampled image (30x90) 

    arcpy.Clip_management(inputFile, "732295.931091309 3611316.45709229 \ 

815675.009887695 3639072.54888916", \ 

outputPath+outputFile5, clip_30, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

  

  ##Georeferencing the subset 

    source_pnt = "'732289 3639078.5'" 

    target_pnt = "'732284.809 3639075.1929'" 

    arcpy.Warp_management(outputPath+outputFile5, source_pnt, target_pnt, \ 

outputPath+outputFile6, "POLYORDER0", "NEAREST") 

 

  ##Converting to mm/day units and non-negative 

    ET=Con(Raster(outputPath+outputFile6) < 30000, \ 

Raster(outputPath+outputFile6) *0.1/8,0) 

    ET.save(outputPath+outputFile7) 

 

  ##Rasampling ET to 30m 

    arcpy.Resample_management(outputPath+outputFile7, \ 

outputPath+outputFile8, "30.0 30.0", "NEAREST") 

 

   ##Clip after resampling 

    arcpy.Clip_management(outputPath+outputFile8, "732295.801055364 \ 

3612120.42580407 815046.671146769 3639063.78379095", \ 

outputPath+outputFile9, clip_899, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

 

  ##WMIDD Subset (mask after resampling) 

    arcpy.Clip_management(outputPath+outputFile9, "739537.103408592  \ 

3613492.1195737 810270.476816187 3638691.92911149", \ 

outputPath+outputFile10, clip_WMIDD, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

 

print "Done with the Pre-processing of ET!" 
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C.3. Graphical outputs, empirical variograms and point-support models 

#--------------------------------------------------------------------------- 

# R script for displaying images, computation of empirical variograms and  

# fitting of the point-support models. The variable ET is used as an example. 

#---------------------------------------------------------------------------

setwd('D:/COKRIGING/d164/DS0'); getwd() 

require(gstat); require(raster); require(rgdal); require(sp) 

#Building dataframe for ET 

M_ET<-"ET_164_mask.img"; dataset_ET<-GDAL.open(M_ET) 

datatable_ET<-getRasterTable(dataset_ET, band=NULL, offset=c(0,0),  

  region.dim = dim(dataset_ET))  

datatable_ET_new<-datatable_ET[!is.na(datatable_ET[,3]),] 

j=0; for (i in 1:length(datatable_ET_new$band1)) {  

  if (datatable_ET_new$band1[i]==0) {j=j+1}} 

npixels <- length(datatable_ET_new$band1)-j #pixels with ET values > zero 

hist(datatable_ET_new$band1,xlab="ET DOY164",ylab="Frequency",main="", 

  col="yellow",xlim=c(0,2.1),nclass=50) 

summary(datatable_ET_new);str(datatable_ET_new) 

for (i in 1:length(datatable_ET_new$band1)) { 

       if (datatable_ET_new$band1[i]>0)   

          {datatable_ET_new$band1[i]=5000*datatable_ET_new$band1[i]}} 

#Deleting pixels with no ET values 

row_to_keep=rep(1,npixels);  

row_to_keep = which(datatable_ET_new$band1 >0); row_to_keep;str(row_to_keep) 

datatable_ET_new=datatable_ET_new[row_to_keep,]; 

summary(datatable_ET_new);str(datatable_ET_new) 

hist(datatable_ET_new$band1,xlab="ET DOY164",ylab="Frequency",main="", 

  col="yellow",xlim=c(0,1000),nclass=50) 

#var(datatable_ET_new$band1) 

ET=datatable_ET_new$band1;  

#Plotting ET image 

ET=as.data.frame(ET); str(ET); coordinates(datatable_ET_new) <- ~x+y 

ET.grid<-SpatialPixelsDataFrame(coordinates(datatable_ET_new),ET); 

class(ET.grid)  

colors_ET<-colorRampPalette(c('red','green3','cyan','darkblue'),space="Lab") 

spplot(ET.grid["ET"],col.regions=colors_ET,main =expression(paste(bold(ET~ 

DOY164~ '['~mm ~d^{-1}~'x 5000]'))), 

       colorkey=list(at=seq(0, 10625, 1),  

                 labels=list(at=c(0,2000,4000,6000,8000,10000),  

                         labels=c("0","2000","4000","6000","8000","10000")))) 

 

##Directional empirical ET variograms  

az <- seq(0,135,45); ET_ev2 <- variogram(band1~1, 

data=datatable_ET_new,width=200,cutoff=8000,alpha=az,tol.hor=15)  

#azzimuth in "az" with 15-degree tolerance. 

plot(ET_ev2,cex=0.5,pch=16,col=1,xlab="Distance (m)", 

  ylab="Semivariance [ (mm/day x5000)^2 ]",main= 

  "Directional variograms for ET",xlim =c(0,8000),ylim=c(1,5000000)) 

source("rose.r"); ranges <-rose(ET_ev2,3000000);ranges 

ratio <- ranges[az==90]/ranges[az==0]; ratio # Anisotropy ratio 

 

### Variogram for DSCOKRI 

ETvar <- data.frame(distance= numeric(51), semivariance= numeric(51), 

 data_pairs= integer(51)) 

var.P.ET=var(datatable_ET_new$band1)* 
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 (length(datatable_ET_new$band1)-1)/(length(datatable_ET_new$band1));var.P.ET 

ETvar$distance[1]=4;ETvar$semivariance[1]=var.P.ET 

ETvar$distance[2]=11;ETvar$semivariance[2]=90 

for (i in 1:11) {ETvar$distance[i+2]=ET_ev2$dist[i+23] 

                 ETvar$semivariance[i+2]=ET_ev2$gamma[i+23] 

                 ETvar$data_pairs[i+2]=ET_ev2$np[i+23]} 

ETvar$distance[14]=11;ETvar$semivariance[14]=0 

for (i in 1:11) {ETvar$distance[i+14]=ET_ev2$dist[i] 

                 ETvar$semivariance[i+14]=ET_ev2$gamma[i] 

                 ETvar$data_pairs[i+14]=ET_ev2$np[i]} 

ETvar$distance[26]=12;ETvar$semivariance[26]=135 

for (i in 1:12) {ETvar$distance[i+26]=ET_ev2$dist[i+34] 

                 ETvar$semivariance[i+26]=ET_ev2$gamma[i+34] 

                 ETvar$data_pairs[i+26]=ET_ev2$np[i+34]} 

ETvar$distance[39]=12;ETvar$semivariance[39]=45 

for (i in 1:12) {ETvar$distance[i+39]=ET_ev2$dist[i+11] 

                 ETvar$semivariance[i+39]=ET_ev2$gamma[i+11] 

                 ETvar$data_pairs[i+39]=ET_ev2$np[i+11]};ETvar 

#write.table(ETvar, file="d:/COKRIGING/d164/DS1/ET164.var", 

  sep="    ",row.names=FALSE,col.names=FALSE) 

 

## One plot for ET variograms 

ET_var <- ET_ev2; str(ET_var) 

x0=rep(0,11); y0=rep(0,11); x45=rep(0,12); y45=rep(0,12); 

x90=x0; x135=x45; y90=y0; y135=y45 

j=0; for (i in 1:46){if (ET_var$dir.hor[i]==0){ 

j=j+1; x0[j]=ET_var$dist[i];y0[j]=ET_var$gamma[i]}} 

j=0; for (i in 1:46){if (ET_var$dir.hor[i]==45){ 

j=j+1; x45[j]=ET_var$dist[i];y45[j]=ET_var$gamma[i]}} 

j=0; for (i in 1:46){if (ET_var$dir.hor[i]==90){ 

j=j+1; x90[j]=ET_var$dist[i];y90[j]=ET_var$gamma[i]}} 

j=0; for (i in 1:46){if (ET_var$dir.hor[i]==135){ 

j=j+1;x135[j]=ET_var$dist[i];y135[j]=ET_var$gamma[i]}} 

#bottom, left, top and right margins of plot in number of lines of text 

par(mar=c(4, 6, 1, 1) + 0.1);par("mar") 

plot(x0,y0,cex=0.9,pch=1,xlim =c(0,8000),ylim=c(1,6000000),col="red",   

  xlab="Distance [m]",ylab= expression( 

  Semivariance~ '['~mm ~d ^{-1}~x~5000~'] '^{ 2})); par(new=T)  

plot(x45,y45,cex=0.9,pch=2,xlim =c(0,8000),ylim=c(1,6000000),col="green", 

  xlab="Distance [m]",ylab=expression( 

  Semivariance~ '['~mm ~d ^{-1}~x~5000~'] '^{ 2}));par(new=T) 

plot(x90,y90,cex=0.9,pch=8,xlim =c(0,8000),ylim=c(1,6000000),col="blue", 

  xlab="Distance [m]",ylab=expression( 

  Semivariance~ '['~mm ~d ^{-1}~x~5000~'] '^{ 2}));par(new=T) 

plot(x135,y135,cex=0.9,pch=19,xlim =c(0,8000),ylim=c(1,6000000),col="brown", 

  xlab="Distance [m]",ylab=expression( 

  Semivariance~ '['~mm ~d ^{-1}~x~5000~'] '^{ 2})) 

legend("bottom",c(" 0°  (N-S direction)","45° (NE-SW direction)", 

  "90° (E-W direction)","135° (SE-NW direction)"),pch=c(1,2,8,19), 

  col=c("red","green","blue","brown"),bty="n") 

 

## Point-support model and Induced ET variograms 

setwd('d:/COKRIGING/d164/DS1/');getwd() 

ET=read.table("ET164_A.out",header=F,sep='') 

x=ET$V1[c(2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26, 

  27,28,29,30,31,32,33,34,35,36,37,38,39,40,41)];x 

row_90=c(2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26, 
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  27,28,29,30,31,32,33,34,35,36,37,38,39,40,41) 

y90i=rep(0,40);for (i in 1:40) {y90i[i]<-ET$V2[row_90[i]]} 

row_0=c(43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65, 

  66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82) 

y0i=rep(0,40);for (i in 1:40) {y0i[i]<-ET$V2[row_0[i]]} 

row_135=c(84,85,86,87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,102,103, 

  104,105,106,107,108,109,110,111,112,113,114,115,116,117,118,119,120,121, 

  122,123) 

y135i=rep(0,40);for (i in 1:40) {y135i[i]<-ET$V2[row_135[i]]} 

row_45=c(125,126,127,128,129,130,131,132,133,134,135,136,137,138,139,140,141, 

 142,143,144,145,146,147,148,149,150,151,152,153,154,155,156,157,158,159, 

 160,161,162,163,164) 

y45i=rep(0,40);for (i in 1:40) {y45i[i]<-ET$V2[row_45[i]]} 

y90i;y0i;y135i;y45i 

 

par(mfrow=c(2,2)) 

plot(x0,y0,cex=0.6,pch=19,xlim =c(0,8000),ylim=c(1,6000000),col="red", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2})))); par(new=T) 

plot(x,y0i,type="l",lwd=2,xlim =c(0,8000),ylim=c(1,6000000),col="red", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2})))) 

legend(0,6000000,"Induced 0°",lwd=2,col="red",bty="n"); 

legend(500,5500000,"  Empirical 0°",pch=19,col="red",bty="n") 

plot(x45,y45,cex=0.6,pch=19,xlim =c(0,8000),ylim=c(1,6000000),col="green", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2}))));par(new=T) 

plot(x,y45i,type="l",lwd=2,xlim =c(0,8000),ylim=c(1,6000000),col="green", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2})))) 

legend(0,6000000,"Induced 45°",lwd=2,col="green",bty="n"); 

legend(500,5500000,"  Empirical 45°",pch=19,col="green",bty="n") 

plot(x90,y90,cex=0.6,pch=19,xlim =c(0,8000),ylim=c(1,6000000),col="blue", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2}))));par(new=T) 

plot(x,y90i,type="l",lwd=2,xlim =c(0,8000),ylim=c(1,6000000),col="blue", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2})))) 

legend(0,6000000,"Induced 90°",lwd=2,col="blue",bty="n"); 

legend(500,5500000,"  Empirical 90°",pch=19,col="blue",bty="n") 

plot(x135,y135,cex=0.6,pch=19,xlim =c(0,8000),ylim=c(1,6000000),col="brown", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2}))));par(new=T) 

plot(x,y135i,type="l",lwd=2,xlim =c(0,8000),ylim=c(1,6000000),col="brown", 

  xlab=expression(paste(bold("Distance "),"[m]")), 

  ylab=expression(paste(bold("Semivariance "), 

  plain("["~mm ~d ^{-1}~x~5000~"] "^{ 2})))) 

legend(0,6000000,"Induced 135°",lwd=2,col="brown",bty="n"); 

legend(500,5500000,"  Empirical 135°",pch=19,col="brown",bty="n") 

par(mfrow=c(1,1)) 
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C.4. Downscaled image 

#---------------------------------------------------------------------------

#Python script for processing the Downscaled Image obtained with DSCOKRI4 

#---------------------------------------------------------------------------

import arcpy, string, os, glob, shutil 

from arcpy import env 

from arcpy.sa import * 

# Check out extension license 

arcpy.CheckOutExtension("spatial") 

# Overwrite existing files 

arcpy.env.overwriteOutput = True 

# Set up paths 

shapesPath= 'D:/COKRIGING/' 

#clip_29= shapesPath+'29x89clip_utm11.shp' 

#clip_30= shapesPath+'SA_utm11_landsat.shp' 

#clip_899= shapesPath+'899x2759clip_utm11.shp' 

clip_WMIDD= shapesPath+'WMIDD_utm11.shp' 

 

for day in range (164,165): 

    arcpy.env.workspace = r'D:/COKRIGING/d'+str(day)+'/DS4/' 

    inputPath = env.workspace 

    os.chdir(inputPath) 

    print ('Input path is ' + inputPath) 

    inputFile= inputPath+'/ET'+str(day)+'_HR.ASC' 

     

    ##Outputs 

    outputFile1= 'ET_'+str(day)+'_ds.img'   #raster with projection defined 

    outputFile2= 'ET_'+str(day)+'_mask.img' #subset for WMIDD 

    outputFile3= 'FS_ET_'+str(day)+'.img'   #units of ET (mm/day) 

 

    #aggregated results of DS4 (930m pixels) 

    outputFile4= 'ET_'+str(day)+'_ds_agg.img'        

    #resampled file to 926.625m 

    outputFile5= 'ET_'+str(day)+'_ds_agg_res.img' 

    outputFile6= 'ET_'+str(day)+'_ds_agg_mask.img'  #subset for WMIDD 

    #Original units of ET agg (mm/day) 

    outputFile7= 'FS_ET_'+str(day)+'_agg.img'        

 

  ##Convert *.ASC to *.img (asscii to raster) 

    arcpy.ASCIIToRaster_conversion(inputFile,inputPath+'/'+outputFile1, \ 

"FLOAT") 

 

  ##Define projection UTM 11N 

    arcpy.DefineProjection_management(inputPath+'/'+outputFile1, \ 

coor_system="PROJCS['WGS_1984_UTM_Zone_11N',GEOGCS['GCS_WGS_1984', \ 

DATUM['D_WGS_1984',SPHEROID['WGS_1984',6378137.0,298.257223563]], \ 

PRIMEM['Greenwich',0.0],UNIT['Degree',0.0174532925199433]], \ 

PROJECTION['Transverse_Mercator'],PARAMETER['false_easting', \ 

500000.0],PARAMETER['false_northing',0.0], \ 

PARAMETER['central_meridian',-117.0],PARAMETER['scale_factor',0.9996],\ 

PARAMETER['latitude_of_origin',0.0],UNIT['Meter',1.0]]") 

 

  ##WMIDD Subset (mask) 

    arcpy.Clip_management(inputPath+'/'+outputFile1, "739537.103408592 \ 

3613492.1195737 810270.476816187 3638691.92911149", \ 
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inputPath+'/'+outputFile2, clip_WMIDD, nodata_value="-9999", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") \ 

 

  ##Converting to original units and non-negative 

    ET=Con(Raster(inputPath+'/'+outputFile2)>0, \ 

Raster(inputPath+'/'+outputFile2)/5000,0) 

    ET.save(inputPath+'/'+outputFile3) 

 

  ##Aggregating results of DS4 from 30m to 930m 

    arcpy.gp.Aggregate_sa(inputPath+'/'+outputFile1, \ 

inputPath+'/'+outputFile4, "31", "MEAN", "EXPAND", "DATA") 

         

  ##Resampling FS_ET_agg to 926.625m 

    arcpy.Resample_management(inputPath+'/'+outputFile4, \ 

inputPath+'/'+outputFile5, "926.625433055824 926.625433055828", \ 

"NEAREST") 

 

  ##WMIDD Subset 

    arcpy.Clip_management(inputPath+'/'+outputFile5, "739537.103408592 \ 

3613492.1195737 810270.476816187 3638691.92911149", \ 

inputPath+'/'+outputFile6, clip_WMIDD, nodata_value="", \ 

clipping_geometry="ClippingGeometry", \ 

maintain_clipping_extent="NO_MAINTAIN_EXTENT") 

 

  ##Converting to original units and non-negative 

    ET=Con(Raster(inputPath+'/'+outputFile6)>0, \ 

Raster(inputPath+'/'+outputFile6)/5000,0) 

    ET.save(inputPath+'/'+outputFile7) 

     

print "Done with Downscaled ET!" 
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