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ABSTRACT 

 

Rapid population growth in Arizona is leading to increasing demand and decreasing 
availability of water, requiring a detailed quantification of hydrological processes. The 
integration of detailed spatial water fluxes information from remote sensing platforms, 
and hydrological models is one of the steps towards this goal. One example step is the 
use of MODIS Snow Cover Area (SCA) information to update the snow component of a 
land surface model (LSM). Because cloud cover obscures the images, this project 
explores a rule-based method to remove the clouds. The rules include: combination of 
SCA maps from two satellites; time interpolation method; spatial interpolation method; 
and the probability of snow occurrence in a pixel based on topographic variables. The 
application in sequence of these rules over the Upper Salt River Basin for WY 2005 
resulted in a reduction of cloud obscuration by 93.7878% and the resulting images’ 
accuracy is similar to the accuracy of the original SCA maps. The results of this research 
will be used on a LSM to improve the management of reservoirs on the Salt River. This 
research seeks to improve SCA data for further use in a LSM to increase the knowledge 
base used to manage water resources. It will be relevant for regions were snow is the 
primary source of water supply. 
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1.0  INTRODUCTION 

 

     This chapter serves as an introduction to the work presented in the thesis Reducing 

cloud obscuration on MODIS Snow Cover Area products by applying spatio-temporal 

techniques combined with topographic effects.  Several steps were taken and various 

considerations made as part of the research process; from brainstorming and discussing 

possible research questions with a team of scientists and stakeholders, through 

overcoming obstacles in answering the original questions, to clearly specifying the 

reserach problem and investigating possible solutions.  This chapter describes the 

background and the continuing chapters describe the obstacles encountered and plausible 

solutions developed.  The last section of this chapter presents a literature review related 

to the MODIS SCA products and other SCA products.  

 

1.1.0  Background for the choice of work: Brainstorming 

     This thesis is part of a project funded by NASA called WaterNET: The NASA Water 

Cycle Solutions Network.  The goal of that project was “to improve and optimize the 

sustained ability of water cycle researchers, stakeholders, organizations and networks to 

interact, identify, harness, and extend NASA research results to augment decision support 

tools and meet national needs.” (Houser et al., 2007)   As part of the solutions network 

several universities (University of Arizona, UC Irvine, CUNY, University of Maryland, 

etc.) were contracted to work on finding hydrologic applications to NASA’s remote 

sensing products in a water management context.  The goal of the team was to “develop 

WaterNet by engaging relevant NASA water cycle research resources and community-of-
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practice organizations, to develop what we term ‘actionable database’ that can be used 

to communicate and connect NASA Water cycle research Results (NWRs) towards the 

improvement of water-related Decision Support Tools (DSTs).” (Houser et al., 2007)  In 

other words, each university team would make collaborate with a partner agency in a 

dialog to find applications of NASAs remote sensing products in the agency’s DSTs.  

Several demonstration projects were developed for this purpose with the results to be 

posted on an Internet portal and made available to the user community. 

 

     As part of the University of Arizona group’s demonstration project we contacted the 

Salt River Project (SRP hereafter), a water and energy utility company, which manages 

seven dams in the Salt and Verde Rivers in central Arizona to distribute water and power 

to the Phoenix metropolitan area.  The Phoenix metropolitan area has an estimated 

population of 4,281,899 people distributed throughout Maricopa and Pinal counties on 

2008 (USCB, 2009) and had a 45.3% increase in population from 1990 through 2000, 

which helped make Arizona the second fastest growing state in the US.   In light of this 

growing demand for public water consumption we met with SRP to determine what type 

of information they desired to aid in their decision support process for improving water 

management.  The University of Arizona was already working with the SRP on scenario 

analyses and the application of a distributed land-surface model (VIC) to forecast future 

climate change impacts on water supply in the Salt and Verde River basins. We discussed 

some suggestions about what could be done with NASA remote sensing products in their 

reservoir and water management efforts.  The two major suggestions that arose from that 
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discussion were the use of Landsat ETM+ imagery to calculate the sediment yield of the 

reservoirs throughout the years, and the use of snow cover area images to help assess the 

amount of snow available for snowmelt in the spring throughout the watersheds.  They 

decided that they would want to incorporate SCA information into their DSTs since they 

are already experimenting with distributed hydrologic models to assess climate change 

impacts and scenario analysis. 

 

     After meeting with SRP a literature review was performed to verify which SCA 

products may be more appropriate for the watershed managed by SRP and what could be 

done with these images.  The SCA product derived from spectral imagery collected by 

the MODIS Terra satellite was selected for this project due to the sensor’s combination of 

high spatial and temporal resolution (500m and 1 day respectively) which are better than 

other available products such as AVHRR, NOAA, Landsat ETM+, etc., and due to its 

having been evaluated by several studies in several watersheds around the world having 

different topography, land cover, climate and duration of snow cover.  In addition, 

MODIS snow cover products are provided by two satellite platforms (TERRA and 

AQUA) that follow the same orbit within three hours of each other, therefore providing 

two observations of SCA per day.   

 

1.2.0 Motivation to work with Snow Cover Area remote sensing data 

     Water in the Southwestern United States (hereafter referred to as the Southwest) is an 

essential but scarce resource. It therefore requires efficient management for its beneficial 
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use by the growing population and to meet agricultural and native ecosystem demands. In 

addition, the Colorado River Basin (the main source of surface water in the Southwest) 

has been experiencing a severe drought since approximately 1999 (Olster, 2005; Piechota 

et al., 2004).  Several studies suggest that the drought could continue for an extended 

period of time (Gedalof and Smith, 2001; Hereford et al., 2002), and may even worsen 

due to the combination of three natural phases of climatic oscillation that appear to 

induce droughts in the Southwest (El Niño-Southern Oscillation, the Pacific Decadal 

Oscillation, and the Atlantic Multidecadal Oscillation), coupled with increasing 

temperatures associated with climate change (McCabe and Wolock, 2007). 

 

     Paleoclimate research has indicated a strong connection between the historical 

frequency and intensity of the La Niña phase and multi-year drought in the Southwest 

(Cole et al., 2003).  Other research has shown that sea surface temperatures (SST) and 

western U.S. drought patterns since 1999 both indicate the possibility that the Pacific 

Decadal Oscillation, which has been associated with the record of winter precipitation 

variations in the western US (Mantua et al., 1997), might have shifted to a phase favoring 

drier conditions in Arizona for perhaps the next 20 years (Gedalof and Smith, 2001; 

Hereford et al., 2002).  In addition, studies at the University of Arizona by the 

Laboratory of Tree-Ring Research suggest a prolonged 20 to 30 year drought, consistent 

with the occurrence of multi-decadal droughts in previous centuries, and have determined 

that 2002 was the driest year in 1,400 years (Hirschboeck and Meko, 2005).  Therefore, 

responsible management of water resources in the Southwest is paramount. To better 
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understand how natural oscillations affect climate in the Southwest, please refer to 

Sheppard et al. (2002) and Adams and Comrie (1997) 

 

1.2.1 Water Availability in Arizona 

     To understand the importance of effective water resources management in the 

Southwest we need to first examine this region’s natural water availability.  In addition to 

the region being affected by drought at this time, the Southwest’s climate is characterized 

by semi-arid to arid conditions with annual precipitation amounts raging from 127 mm 

(5”) to 500 mm (20”), with Arizona having an average annual precipitation of 322 mm 

(12.7”) (Sheppard et al., 2002).  In Arizona, and other parts of the Southwest (e.g. New 

Mexico), the temporal distribution of annual precipitation is highly seasonal, having two 

distinctive peaks, one during the winter from November through March and one in the 

summer from July through September (Sheppard et al., 2002).  The wet summer season, 

characterized by the North American Monsoon (NAM), is preceded by an arid fore-

summer and followed by a dry autumn and provides almost half of the annual rainfall in 

Arizona (Adams and Comrie, 1997).  However, summer precipitation is distinguished by 

short duration high intensity rainfall along with high temperatures and elevated rates of 

evaporation, causing the water to evaporate before infiltrating into the ground, and thus 

its contribution to soil moisture and water supply is limited.  On the other hand, even 

though the winter season provides less rainfall than the summer, ~30% (Barry and 

Chorley, 1998) “Winter precipitation is particularly important to Arizona water supply, 

as cooler winter temperatures attenuate evaporation in the soil and surface water bodies, 
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and allow snowpack to persist until the spring” (Jacobs et al., 2005).  As a consequence, 

snowmelt in the spring provides water for the reservoirs, which then provides and 

manages the availability of water and hydropower for the population. 

 

     It is important to note that snowmelt accounts for ~75% of the annual stream 

discharge in Western United States (Cayan 1996) and that snowmelt can account for up 

to 85% of the usable water in the Salt and Verde Rivers of central Arizona (tributaries of 

the Gila River and Colorado River and the main local sources of surface water to the 

Phoenix Metropolitan Area) (Hawkins 2006) even though only 39% of the precipitation 

that falls in the watershed falls as snow (Serreze, 1999). Earman et al., (2006) showed 

that snowmelt provides at least 40 – 70% of groundwater recharge at several study sites 

in the Southwest (including Arizona), even though only 25 – 50% of average annual 

precipitation falls as snow. They state that “In all cases, the proportion of snowmelt in 

recharge is higher than the proportion of snow in average annual precipitation”. These 

results are important since 40% of the water consumed in Arizona comes from its 

underlying aquifers (Megdal,  2004) 

 

1.2.2  The role of distributed hydrologic models in water resources management 

     To respond to this hydrologic/climatic situation, and the challenges related to the 

increasing demand for water by a growing population, simultaneous with a decreasing 

availability of water resources, will require a detailed quantification of the hydrological 

processes and changes in regional patterns of climate. Hydrologic models, when coupled 
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with sufficient relevant data, such as precipitation, temperature, evapotranspiration, soil 

moisture, etc., can be powerful tools for understanding such complex processes and their 

interactions, and be applied in a water resources management framework.  Several studies 

have demonstrated their helpfulness for water resources assessments and 

streamflow/water level forecasts, using a wide range of different model structures and 

approaches (e.g. lumped conceptual model, distributed physically based, etc.) in a diverse 

set of watersheds (Refsgaard and Abbott, 1996). 

 

     However, the accuracy and precision of the predictions made using these models can 

depend on several factors including the model structure (the equations and parameters 

used to describe the physical processes governing the behavior of a watershed), the 

assumptions made to simplify the models and made about the initial state of the system(s) 

being modeled, the representativeness of the data used to calibrate them, the spatial and 

temporal resolution of the models, the objective function(s) used to evaluate the 

performance of the models, etc (Gupta et al., 2005). When using hydrologic models we 

require the predictions to be as accurate and precise as possible (i.e. we want them to be 

unbiased and have small prediction uncertainty intervals respectively) to help 

stakeholders make better decisions when managing water resources.  By integrating 

detailed spatial information regarding water and energy fluxes from remote sensing 

platforms, with other ground truth data into a hydrological model, we can move closer to 

this goal. 
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     As was mentioned above, the hydrological processes governing the behavior of a 

watershed are very complex and involve several input and output variables whose’ values 

may vary across the watershed.  Examples of such variables are precipitation, soil 

moisture, evapotranspiration, snow cover, and runoff production mechanisms, etc.  

Several papers have suggested that distributed hydrologic models (or distributed land 

surface models) can be used to account for the spatial heterogeneity of such variables 

across a watershed, thereby theoretically achieving better streamflow predictions, flood 

forecasting and/or water resources assessments (Freeze, 1969; Beven, 1985; Smith, et al., 

2004).  To verify this theory, various studies compared distributed models with lumped 

conceptual models in an operational flood forecasting approach.  They found that 

distributed models’ improvements in operational forecasting (if there was improvement) 

are only marginal when compared to results obtained from simpler lumped conceptual 

models and therefore don’t justify their increased complexity, especially when it comes 

to calibrating the distributed models to obtain good estimates of the parameters (Michaud 

& Sorooshian, 1994; Refsgaard and Knudsen, 1996; Reed, et al., 2004).  However, other 

studies have found that spatial variability of rainfall is important for dry watersheds due 

to its interaction with spatial distribution of soil moisture, and recommend the use of 

distributed forcing data for dry conditions (Shah et al., 1996a,b).  Some of the available 

models include the Variable Infiltration Capacity Model (VIC; Liang et al., 1994), the 

Distributed Hydrology Soil Vegetation Model (DHSVM; Wigmosta et al., 1994), and the 

Mosaic land surface model (Koster and Suarez, 1992).  The major differences between 

these models arise from the different assumptions they make about the processes 



 

 

19 

governing the movement of water in the watershed (e.g. equations to use, which 

process(es) are more important, etc.) and their spatial and temporal resolution. 

 

1.2.3  Sources of spatially distributed hydrological data 

     To be able to make use of such distributed models for hydrologic understanding and 

prediction, spatially and sequentially distributed inputs are needed (Freeze, 1969).  One 

way to achieve spatially distributed inputs is by interpolating point scale field 

measurements from across the watershed. Other ways to obtain spatially distributed 

variables are extracting information from remotely sensed spatial images related to the 

variables of interest and/or reanalysis products such as the North American Regional 

Reanalysis (NARR).  The interpolation of point measurements approach is typically 

based on different techniques whose application depend on the variable in question (e.g. 

Isohyets, Thiessen polygons, Inverse Distance Weight, Spline, etc.) and can have varying 

accuracy depending on the density and spatial distribution of the observations.  For 

example Fassnacht, et al. (2003) compared several interpolation techniques to interpolate 

snow water equivalent data from the Natural Resources Conservation Service SNOw 

TELemetry (SNOTEL) in the Colorado River Basin.  They found that due to elevation 

and terrain effects (e.g. change in temperature with elevation, aspect, slope, etc.) 

regression interpolation techniques (hypsometric elevation and multi-variate 

physiographic parameter) are superior to inverse distance weighted (IDW) techniques.  In 

addition, they found that an elevation de-trended inverse weighted distance approach, 

which combines hypsometric elevation with IDW may be the best technique to create 
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SWE maps from SNOTEL data.  (Fassnacht, Dressler and Bales, 2003) 

 

     The remotely sensed data is based on the analysis of spectral and/or thermal signatures 

of land/water surfaces obtained from satellites and the reanalysis products are obtained by 

combining in situ and other measurements into a grid.  The remote sensing approach is 

facilitated by the fact that some kinds of remotely sensed data are “readily available” for 

use in distributed hydrologic models, due to the fact that various agencies and groups 

have undertaken the task of processing the satellite products to make them more available 

to the user community – an example is the NASA MODIS product made available by the 

center for Land Remote Sensing for Global Change Research (Justice et al., 1998). To be 

applied, these ready-to-use products typically need only minor processing, such as 

changes to the projection being used, and adjustments to spatial resolution so as to 

conform to that of the models (e.g. changing an image spatial resolution from 500m to 

1/8th degree). Various techniques exist to make these changes, such as the use of 

Geographic Information Systems to change the projection and resample the pixel 

resolution, etc.  To learn more about the NARR please refer to Mesinger et al.  (2006). 

 

1.3.0 Scope of research 

     Remotely sensed spatial image products have been available for hydrometeorological 

fluxes (e.g. evapotranspiration, soil evaporation) and hydrometeorological states (e.g. 

snow cover, near surface soil moisture, etc.) since the late 1960s, acquired using various 

satellite-based remote sensing platforms, using passive and/or active remote sensing; for 
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a summary of available products refer to Schmugge et al. (2002) Numerous studies have 

demonstrated the validity and utility of these products in the earth sciences, and 

specifically their importance in hydrological applications (e.g. Kite and Pietroniro 1996; 

Schmugge et al. 2002; Rango 1993).  In this thesis, since snow is extremely important to 

the hydrology of the Southwest, we focus on the use of remotely sensed snow cover area 

(SCA) in the context of the VIC model.  The SCA product derived from spectral imagery 

collected by the MODIS Terra satellite was selected for this project due to its higher 

spatial and temporal resolution (500m and 1 day respectively) than other available 

products such as AVHRR, NOAA, Landsat, etc., and due to its having been evaluated by 

several studies in several watersheds around the world having different topography, 

climate and duration of snow cover.  In addition, MODIS snow cover products are 

derived from two satellite platforms (TERRA and AQUA) that follow the same orbit 

within three hours of each other, therefore providing two observations of SCA per day. 

 

     The MODIS SCA product to be used in this project (called MOD10A1) is a snow 

cover map, created by NASA from spectral images obtained by the MODIS sensor on 

both satellites.  To generate this map, NASA applies several algorithms to the spectral 

image, using indexes such as NDSI and NDVI, as well as a cloud mask to help 

distinguish between snow and cloud pixels (which have very similar spectral signatures). 

However, it is widely known and well documented that the accuracy of the MODIS SCA 

product is affected by land cover, snow depth conditions and the presence of cloud cover, 

even though the snow cover classification algorithm uses a “cloud mask” to reduce this 
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problem (Justice et al., 1998;Hall & Riggs, 2007; Zhou et al., 2005; Klein and Barnett, 

2003; Bitner et al., 2002; Simic et al., 2004; Tekeli et al., 2005).  Several papers have 

described different techniques for processing the SCA images in an effort to reduce the 

noise introduced by cloud cover. 

 

     In light of this information, the objective of this thesis is to employ existing cloud 

removal techniques (with some modifications) along with some newly developed 

techniques, to calculate the probability that a cloudy pixel is obscuring the existence of 

snow cover occurrence, and use this information to improve MOD10A1 images of snow 

cover.  The technique will be evaluated over the Salt River Basin in Central Arizona, as 

one of the steps in improving streamflow forecasts using the VIC model.  Future work 

will examine the benefits of assimilating the resulting cloud corrected MOD10A1 SCA 

images into the VIC model, and its potential to improve the model’s ability to estimate 

snow accumulation, ablation and melt and reduce the uncertainty in streamflow 

predictions arising from uncertainty in knowledge of the snow state in the model.  The 

primary focus of this thesis is, therefore, the methods required for preprocessing and 

preparing the SCA data for further use. 

 

1.4.0 Literature Review 

     The literature review presented below is organized as follows: Section 1.4.1 discusses 

the different sensors used to map Snow Cover with their positive and less positive 

attributes, section 1.4.2 and its subsections give a general description of the MODIS 
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sensor, its Snow Cover products and validation studies, and the implementation of 

MODIS SC products to hydrologic models, and section 1.4.3 talks about the cloud 

obscuration problem that limits the application of snow cover images created using the 

visible portion of the electromagnetic spectrum.  

 

1.4.1 Sensors used for Mapping Snow Cover 

     Snow cover maps have been produced since 1966 using remotely sensed data gathered 

by polar orbiting NOAA satellites.  Since then, several sensors have been used to 

estimate snow cover area.  The most widely used are the Landsat Thematic Mapper (TM) 

and Enhanced Thematic Mapper (ETM+), the NOAA-Advanced Very High Resolution 

Radiometer (AVHRR), the GOES (Geostationary Orbiting Earth Satellite) satellite, and 

the Terra and Aqua MODIS sensors.  The Thematic Mapper, launched with the Landsat 

satellite for the first time in July 1982, was thought of as the best source of Earth 

observation data for use with snow cover mapping due to its high spatial resolution of 30 

meters (Caves et al. 1999).  That sensor has been decommissioned but a new and 

improved one, the Enhanced Thematic Mapper (ETM+), is currently working. Launched 

aboard Landsat-7 in April 15th 1999, the ETM+ instrument is similar to the earlier TM, 

but adds an extra 15-meter resolution panchromatic band, and improved resolution for the 

thermal-infrared band (60-meters).  

  

     The new ETM+ has seven spectral bands in the visible, near, and thermal infrared 

regions of the electromagnetic spectrum (0.45 - 12.5 µm).  At an altitude of 705 km and 
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in a polar sun-synchronous orbit, it has a swath width of 185km, with 30m spatial 

resolution in the solar reflective bands, 8 bit radiometric resolution, and a repeat coverage 

interval of 16 days, or every 233 orbits.  Although it has a superior spatial resolution 

compared to the other sensors, its temporal resolution limits its applicability for long-

term snow cover mapping studies and modeling because the recommended frequency of 

observation for snow cover during ablation, the disappearance of snow-covered area in 

spring, is at least once a week (Rango, 1985).  Therefore it is not suitable for studying 

snow cover in places were the snow is sparse and ephemeral, and where there is a high 

incidence of shortwave radiation which can melt away snow in less than 16 days (like in 

the Southwestern USA).  Despite its lack of temporal resolution, the ETM+ has been 

used in concert with the Earth Observing Systems (EOS) Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) data, and with the NOAA Operational 

Hydrologic Remote Sensing Center (NOHRSC) data generated from the AVHRR, to 

evaluate MODIS snow cover products at river-basin scale areas (Justice et al, 1998).  

Landsat snow cover data has also been used as ground truth in accuracy studies of 

MODIS, in conjunction with ground measurements (Hall and Riggs, 2007). 

 

     To obtain better frequency of observations, many researchers have used the NOAA 

polar orbiting satellite with the Advanced Very High Resolution Radiometer (AVHRR), 

which was first launched in 1979.  Processed snow products derived from this sensor 

have been widely distributed since the late 1980’s by the National Weather Service 

(NWS) National Operational Hydrologic Remote Sensing Center (NOHRSC). Carroll T. 



 

 

25 

et al. (2001) state that “The NOHRSC satellite remote sensing program focuses on NOAA 

GOES and AVHRR data.  Data ingest and pre-processing steps are performed 

automatically, including data calibration and orbital navigation, image alignment with 

surface features, solar normalization of visible data, and cloud detection”.  Manual 

image analysis is used to classify snow cover from image data.  The principal product is a 

daily map of areal extent of snow and cloud cover for the continental U.S and Canada.  

 

     AVHRR senses in the VNIR and TIR portions of the electromagnetic spectrum, has a 

swath width of 2399km, and orbits the Earth 14 times each day (at an 833km altitude) 

giving a revisit time of 12 hours (one daytime pass and one night time pass).  Its spatial 

resolution is 1km, which makes it difficult to use for snow mapping on small basins 

(Schmugge et. al, 2002).  Nevertheless, studies in the Spanish Pyrenees compared the 

accuracy of AVHRR against MODIS in a 572.9km2 basin and found that the correlation 

between their snow maps were on the order of 0.8-0.9, even in smaller basins with areas 

of ~8.3km2. 

 

     NOHRSC snow mapping products have also been compared with MODIS snow-cover 

products in the Columbia River and the Missouri River during the spring of 2000-01.  In 

the Columbia River the results showed that on average MODIS SCA images classified 

fewer pixels as cloud than NOHRSC.  This made it possible for 15% more of the 

Columbia basin area to be classified as ‘presence’ or ‘absence’ of snow.  Yet, the 

removal of cloud pixels wasn’t significantly different from both sensors for the Missouri 
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River.  From the cloud free pixels in both rivers, MODIS misclassified 4% fewer pixels 

in the Columbia River and 5% fewer pixels for the Missouri than did the NOHRSC in 

both rivers respectively.  When compared over forested areas, MODIS classified 13% 

and 17% less of the images as cloud.  Consequently, MODIS seems to be a better 

resource for snow mapping in forested watersheds (Maurer et al., 2003).  Due to MODIS 

higher spectral and spatial resolution many researchers have started using it as opposed to 

the NOHRSC snow maps. 

 

1.4.2.0 The MODIS Sensor 

 1.4.2.1 General description and validation studies 

     The Moderate Resolution Imaging Spectroradiometer (MODIS) instrument, launched 

on December 18th 1999 onboard Terra EOS (Earth Observing System) AM-1, and on 

onboard Aqua EOS on May 4th 2002, is designed to observe and monitor Earth changes.  

The AM-1 platform flies in formation with Landsat 7, providing a multi-scale sampling 

system for land surface monitoring (Justice et al., 1998).  Operational data collection 

from the Terra MODIS began on February 2000, orbiting in a 10:30am local time 

descending node and from Aqua MODIS on 24 June 2002, in a 1:30 pm local time 

ascending node. MODIS snow products are available globally at no cost and are provided 

in a variety of resolutions and projections through the National Snow and Ice Data Center 

webpage: http://nsidc.org/data/modis/index.html.  They are available at 500m resolution 

on a sinusoidal projection, and at 0.05º (~5.6 km at the Equator) and 0.25º resolution on a 

latitude/longitude grid known as the climate-modeling grid (CMG).  The CMG product is 
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specifically designed for use by climate modelers.  All resolutions are available in daily 

and 8-day composite products (Hall & Riggs, 2007). 

 

     It has been found that the accuracy of MODIS snow maps varies with land cover type.  

Prior to launch studies showed consistently high accuracy (~100%) in tundra, prairie, and 

agricultural areas and variable and reduced in forested areas (Justice et al., 1998).  Recent 

studies on MODIS accuracy show that the overall absolute accuracy of the MOD10_L2 

product and MOD10A1 products is approximately 93% varying with land cover type and 

snow condition.  The most frequent errors are caused by difficulties in discriminating 

between snow and cloud and in the mapping of very thin snow.  Composite images may 

have larger errors due to errors propagated from the daily products and missed snow 

cover due to the persistence of clouds during the 8-day period.  Nevertheless, errors of 

commission (mapping pixels as snow where there is no snow) have been found to be very 

low in these products (Hall & Riggs, 2007). 

 

     In addition to previously mentioned studies, the accuracy of MODIS snow products 

seems to be persistently good in other studies.  A statistical evaluation of MODIS snow-

cover products (daily and 8-day composite) in the Upper Rio Grande Basin with 

constraints from stream and SNOTEL (Natural Resources Conservation Service’s 

SNOwpack TELemetry technology) measurements showed that there is a statistically 

significant correlation between the streamflow measurements and the SCA from MODIS.  

Also, intercomparison of these two products with the SNOTEL data as ground truth show 
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that the 8-day composite product has higher classification accuracy for both snow and 

land (these might be expected since composite images are created to reduce noise in the 

images) and that the omission error was low in both products.  This study also concluded 

that clouds are a major cause of reduction in accuracy (Zhou et al., 2005). 

 

     Another study also done in the Upper Rio Grande Basin, this time comparing MODIS 

snow-cover products with NOHRSC maps, found that “comparisons of snow maps with 

SNOTEL measurements over the snow season show good overall agreement with 

accuracies of 94% and 76% for MODIS and NOHRSC, respectively” (Klein and Barnett, 

2003).  As Hall noted later (2007), this study found that MODIS fails to map snow at 

depths less than 4 cm.  Other validation studies show similar results (e.g., Bitner et al., 

2002; Simic et al., 2004; Tekeli et al., 2005) 

 

1.4.2.2 MODIS used as input in hydrological models 

      In addition, MODIS snow products have been used as input in hydrological models.  

For instance, the MODIS snow-cover product was compared with the NOHRSC snow-

mapping product for simulating streamflow using the Snowmelt Runoff Model (SRM), 

which is one of the few hydrological models requiring direct remote sensing input.  Snow 

depletion curves developed from MODIS and NOHRSC snow maps were generally 

comparable in both watersheds: “satisfactory streamflow simulations were obtained using 

both snow-cover products in large watersheds (volume difference: MODIS, 2.6%; 
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NOHRSC, 14.0%) and less satisfactory streamflow simulations in smaller watersheds 

(volume difference: MODIS, -33.1%; NOHRSC, 18.6%)” (Lee, Klein and Over, 2005) 

 

      Several other studies have found that snow cover maps are very useful for 

hydrological applications of assessing snow resources and reducing uncertainty in model 

predictions even if they only give the spatial extent of snow cover and not estimates of 

snow water equivalent.  Grayson et al. (2002) noted that snow cover patterns are 

complementary to catchment runoff in identifying the structure of hydrologic models 

while Udnaes et al. (2007) and Parajka et al. (2007) demonstrated the value of snow 

cover data in calibrating conceptual hydrologic models (Parajka and Blösch, 2006).  

Rodell and Houser (2004), Mcguire et al. (2005) and Andreadis and Lettenmaier (2006) 

found that assimilation of snow cover information from the MODIS snow cover product 

slightly increased the accuracy of runoff forecasts using the Mosaic land surface model 

driven by the NASA/NOA Global Land Data Assimilation, and the VIC model. 

 

     Rodell and Houser (2004) assimilated the daily MOD10C1 snow product into a 101-

day global simulation of the Mosaic land surface model (Koster and Suarez, 1992) driven 

by the NASA/NOAA Global Land Data Assimilation System using a rule based snow 

cover updating scheme and direct insertion approach to update the Snow Water 

Equivalent (SWE).  They compared the model output with ground-based data from 

SNOTEL and Cooperative Observer Program (Co-op) stations and to data from NOAA’s 

MultiSensor Snow and Ice Mapping System (IMS) over the continental United States. 
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They found that overall, the output from the updated simulation exhibits more accurate 

snow coverage and compares more favorably with in situ snow time series.   

 

    Mcguire et al. (2005) used a similar rule based and direct insertion approach with the 

MOD10A1 product to update the SWE component of the VIC model over the Snake 

River Basin, ID, a major tributary of the Columbia River, with a streamflow forecasting 

approach.  Their results show that the assimilation of SCA improved short-term (14-day) 

forecasts in a subset of the basins studied.  On the other hand, Andreadis and Lettenmaier 

(2006) used the MOD10A1 product to update the SWE of the VIC model by performing 

a data assimilation process using an ensemble Kalman filter (EnKF) over the Snake River 

Basin as well.  They found that the filter successfully updated the model Snow Cover 

Extent (SCE) predictions to better agree with the MODIS observations and ground 

surface SWE measurements from SNOTEL data.  This success was more evident during 

snowmelt. 

 

     The results from these studies suggest that the MODIS SCA area products are suitable 

for use in hydrologic modeling and reducing the uncertainty associated with the snow 

state in streamflow forecasts.   However, they indicate that cloud cover reduces the 

usefulness of this data on some days and consequently the data must be assimilated in an 

uncontinuous manner.  Mcguire et. al (2005) and Andreadis and Lettenmaier (2006) only 

used days were less than 20% of the grid cell was covered by cloud while Rodell and 

Houser (2004) decided that 6% is the minimum visibility for which an observation is 
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useful, which translates into a 94% cloud threshold.  Hence, several papers have been 

published describing different techniques to process the snow cover images in an effort to 

reduce the cloud cover. 

 

 1.4.3 The Problem of Cloud Obscuration 

     The cloud obscuration problem is not intrinsic to the MODIS SCA products.  It has 

been reported as being a problem ever since the visible portion of the electromagnetic 

spectrum has been used to create SCA maps in other products (e.g. Landsat ETM+, 

AVHRR, etc.), due to the fact that sensors cannot see through clouds, and due to the 

similarities in spectral signature between snow and clouds.  Many algorithms have been 

applied using the visible and thermal bands of the electromagnetic spectrum to 

discriminate between snow and clouds (for a review of such methods see Lucas and 

Harrison, 1990; Klein et al., 1998; Klein et al., 2000; Rigs and Hall 2002; Schmugge et. 

al, 2002; etc.) and passive microwave remote sensing has also been used to infer 

information about snow extent, snow depth, snow water equivalent and snow state.  

However this technique requires dry snow conditions, which might cause problems when 

assessing the snow properties in a region with high incidence shortwave radiation like the 

Southwest. 

 

     Several studies have worked to reduce the remnant cloud obscuration in SCA image 

products after all these algorithms are applied.  Lichtenegger et al. (1981) developed a 

technique in which they used elevation, slope, exposure and brightness information 



 

 

32 

extracted from a Digital Terrain Model (DTM) to extrapolate snow cover information 

from cloud free areas on a basin to cloud covered areas in the Digital Landsat MSS Data.  

Their assumption was that in a particular elevation zone, elements with equal exposure 

and slope angles carry the same amount of snow.  They concluded that their technique 

was successful and that the use of all four variables is not necessary in all watersheds 

except when satellite observations are obtained after long dry periods when exposure 

towards the sun is likely to become the most important factor (Lichtenegger et al., 1981) 

Seidel et al. (1983) applied this approach and found favorable results. 

 

     Another study by Molotch et al (2004) faced the same problem, but with 1-km2 

resolution SCA maps created by the National Weather Service’s (NWS) National 

Operational Hydrologic Remote Sensing Center (using data from AVHRR and GOES).  

To filter the map images they used gridded positive accumulated degree-days (ADD) and 

binary SCA (derived from the AVHRR) to find a threshold ADD to define the area of 

snow cover in the Salt and Verde Rivers in central Arizona.  As part of their results they 

found that “temperature data can be used to help estimate the snow extent beneath clouds 

and therefore improve the spatial and temporal continuity of SCA and SWE products.”  

They used the improved images to constrain the SWE interpolations from SNOTEL data. 

 

     An evaluation study done by Parajka and Blösch (2006) in Austria found that, on 

average, the accuracy of the MODIS snow cover product was 95% when compared 

against snow depth data at 754 climate stations.  However, they also found that 63% of 
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the region was covered by clouds, “and cloud coverage was even larger in the winter 

months where one would be particularly interested in the snow product”.  To solve this 

problem, Parajka and Blösch (2008) used a spatio-temporal combination of MODIS 

images, over the region of Austria, that includes three techniques: combining MODIS 

data from the Terra and Aqua satellites, majority of classification on an eight nearest 

pixels neighborhood, and a temporal window with different sizes ranging from one day to 

seven days before the current observation.  To test the accuracy of the methods day 

compared the filtered images with snow depth measurements at 754 climate stations in 

the period from January 2003 to December 2005.  These measurements were considered 

ground truth for the pixel that was closest to each station.  This way they verified for 

commission and omission errors.  They found a decreasing trend in overall accuracy with 

the increasing width of the temporal window and, in general, the accuracy of the images 

decreases with each filtering technique applied in an almost linear fashion.  However, the 

original images posses large cloud coverage and the results indicate that the filtering 

techniques are remarkably efficient in cloud reduction, and the resulting snow maps are 

still in good agreement with the ground snow observations (Parajka and Blösch, 2008). 

 

     Gafurov and Bárdossy (2009) incorporated these techniques into their research with 

some modifications for the Kokcha Basin in Afghanistan and introduced three more 

filtering techniques of their own: snow transition elevation, spatial combination of four 

neighboring pixels and a time series of each pixel over an entire year.  They applied the 

six steps in a sequence, using the results of the previous steps as the input images on the 
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next step and used synthetic data to validate the results because they didn’t have ground 

truth data.  The synthetic data approach consisted on taking the two dates with lowest 

cloud coverage, obscuring them with dense cloud coverage from nearby dates and 

applying their cloud removal techniques to compare the resulting “corrected” images 

with the originals.  The combination of these techniques resulted in a complete removal 

of cloud coverage with decreasing accuracy with each next step.  However, they attained 

an accuracy of 91.49% (Gafurov and Bárdossy, 2009). 

    

1.4.4 Summary and Conclusions from the Literature Review 

     Several satellite sensors exist that are used to map snow cover area.  However the 

MODIS sensor aboard the Terra satellite seems to be the most effective in terms of a 

combination between its spatial ant temporal resolutions and the accuracy of its SCA map 

products.  A number of studies have shown the usefulness of SCA information to identify 

the structure of hydrologic models as well as calibrating them while other studies have 

shown the usefulness of assimilating MODIS SCA data into different hydrologic models 

to reduce the uncertainty associated with the snow state in streamflow forecasts. 

 

     However, the MODIS SCA data was assimilated in an uncontinuous manner on those 

studies due to cloud obscuration problems in the snow maps.  Several studies have looked 

for ways to reduce the cloud cover on these maps by combining spatio-temporal 

techniques or using accumulated degree-days information.  These techniques gave 

different results in terms of amount cloud cover removed and accuracy of the results.  
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The spatio-temporal techniques will be applied in this study with minor modifications 

and combined with a new approach. 

 

     The following chapter describes the area of study and a detailed description of the 

MODIS SCA data is given as well as how the cloud obscuration problem was observed 

on the MODIS SCA maps in that area. 
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2.0 STUDY AREA AND MODIS DATA 

 

     This chapter’s focus is the description of the study area and the specifics of the 

MODIS SCA images.  The first section describes general characteristics of the Salt River 

Basin (e.g. population growth, hydro-climatology and water management), the second 

section enumerates some specifics of the MOD10A1 images and the third section 

mentions some of the pre-processing steps done to the image which lead to the main 

objective of this thesis.  

 

2.1 Study Area 

     The Salt and Verde Rivers are major local sources of surface water for the Phoenix 

Metropolitan Area in central Arizona.  They are main tributaries of the Gila River which 

used to be the second largest tributary of the Colorado River Basin before irrigation and 

municipal water diversions turned it into a usually dry river.  The Salt River also has 

many irrigation and municipal water diversions causing it to reach the Gila River near 

Phoenix as an intermittent stream. The Salt River Project (SRP) manages seven dams on 

these rivers to distribute water and hydropower to the Phoenix Metropolitan Area, with 

the Salt having much larger water storage and hydropower generation capacity 

(2,025,798 Acre-feet and 238,000 kW) than the Verde (287,403 Acre-feet and 0 kW). 

Due to its significantly higher storage and hydropower generation capacity (Table 2.1) 

the Salt River was chosen for this study: 

Table 2.1.  Salt River Reservoirs managed by SRP 
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Name 
Water Storage 

Capacity (Acre-feet) 
Hydrogeneration 
Capacity (kW) 

Roosevelt Dam & 
Lake 1,653,043 36,000 

Horse Mesa Dam & 
Apache Lake 245,138 129,000 

Mormon Flat Dam & 
Canyon Lake 57,852 60,000 

Stewart Mountain 
Dam & Saguaro Lake 69,765 13,000 
 

Although the total drainage area of the Salt River is approximately 13,550.82 km2 (5,232 

mi2) (ADWR, 2009), this study will focus on the upper Salt, located upstream of the first 

(and major) dam in the river, Roosevelt Dam. This area includes the Black, White and 

Upper Salt Rivers, and the Cherry, Canyon, Cibecue, Carrizo, Pinal and Cedar Creeks. 

The drainage area of the study area is therefore 11,152.5 km2 (4,306mi2) (USGS, 2010) 

and its geographic location ranges from 33º16’17.132”N to 34º19’52.612”N Latitude and 

from 109º10’34.845”W to 111º0’4.689”W Longitude.  Average annual precipitation over 

this region varies from 15 to 47 inches (mean of 28.48 in) (OCSOSU, 2006a) and the 

annual average runoff is 881.34 cfs (USGS, 2010; period of record 1914-2008). The area 

has been experiencing drought conditions continuously since 1999 (USGS, 2005).  The 

average annual minimum temperature varies from 7 to 39 ºF (mean of 22.90ºF) and the 

average annual maximum temperature varies from 63 to 103 ºF (mean of 86.43ºF) 

(OCSOSU, 2006b,c).  Figure 2.1 shows a map of the Salt River and Table 2.2a,b 

summarizes the monthly statistics. 
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Figure 2.1.  Study Area Map 
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Table 2.2 Climatologies for the Salt River Basin. 
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     According to the Arizona Department of Water Resources (2009), the Salt River basin 

is “… characterized by mid- to high-elevation mountain ranges, plateous and canyons.  

Vegetation types include:  Arizona upland Sonoran desertscrub; semi-desert, plains and 

Great Basin and subalpine grasslands; interior chaparral; madrean evergreen 

woodland; Great Basin conifer woodland; and montane and Rocky Mountain subalpine 

conifer forests.  Riparian vegetation includes mesquite, mixed broadleaf and tamarisk 

along the Salt River and mixed broadleaf along the Black River.” In general, the 

percentage of land cover types is approximately 26% chaparral, 65% ponderosa pine and 

10% pinyon pine-juniper and desert grassland (Rinne, 1975), and the elevation ranges 

from 674m to 3472m above sea level (2211.29ft to 11391.08ft). 

 

      For seven of nine years from 1996-2004 the winter precipitation in this area has been 

below normal and the trend seems destined to continue for the near future (Hawkins, 

2006).  As mentioned in the introduction, winter precipitation is of paramount importance 

in the Southwest, and this is particularly true for these rivers where snowmelt can account 

for up to 85% of the usable water (Hawkins, 2006).  Therefore, snow accumulation and 

ablation are very important variables to consider when managing water resources in this 

area. SRP currently relies on observations made from sporadic helicopter flights to verify 

snow cover extent on the watersheds and on SNOTEL data to obtain real-time (daily) 

information about snowpack content in the headwaters regions to make snowmelt 

streamflow forecasts. SNOTEL sites provide snowpack water content (SWE) via pressure 

sensing snow pillows located at several locations in the watershed, as well as other 
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climatic variables (temperature, precipitation, etc.).  The Salt River has four such 

SNOTEL stations, located at higher elevations mostly in the eastern part of the watershed 

(See Figure 2.1), where snow water storage is greatest. 

 

      SRP has used data from SNOTEL sites to retrieve information needed to produce 

water supply forecasts and support resource management activities.  However, because 

SNOTEL sites are point measurements, they do not represent the entire pattern of snow 

accumulation in the region, and this can lead to erroneous and/or over-underestimates of 

streamflow.  Remotely sensed SCA data like the MOD10A1 product can be used to 

obtain snow spatial distributions that can be assimilated into Land Surface Models in 

combination with other data to improve streamflow forecasts.  For this reason, the 

University of Arizona is working to incorporate the VIC model into the SRP’s decision 

support system to improve their streamflow forecast capabilities. One particular 

consequence of this will be the ability to investigate the impacts of long-term climate 

variations on water supply.   

 

2.2.0  MODIS Data 

      This section describes a number of characteristics of the MODIS images.  The first 

and second sections describe general specifics while the continuing sections briefly 

describe the Snowmap algorithm used to decide if a pixel has snow or not, the cloud 

mask algorithm used by NASA to discern between cloud cover and snow cover, and the 

particular images used for this study.  
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2.2.1 MODIS instrument specifications 

     The Moderate Resolution Imaging Spectroradiometer is carried aboard the Terra 

satellite launched on December 18, 1999, and aboard the Aqua satellite launched on May 

4, 2002.   MODIS has a wide range of spectral bands in the visible and infrared (IR) 

regions; a spatial resolution ranging from 250m to 1000m, and near daily global 

coverage, making it especially well suited for monitoring global change; it is the primary 

tool on the EOS satellites for this purpose.  The instrument is a scanning imaging 

radiometer with a viewing swath width of 2330km (±55º) by 2030km along track (Hall et 

al., 2002) and 36 channels; 11 channels in the visible range, 9 in the near-IR range, 6 in 

the thermal range, 4 in the shortwave-IR (SWIR) range and 6 in the longwave-IR range 

(LWIR).  Channels 1-2’s primary use is for Land/Cloud Boundaries while channels 3-7’s 

primary use is for Land/Cloud properties.  Bands 1 and 2 have a 250m spatial resolution, 

bands 3-7 have a 500m resolution and bands 8 through 36 have a 1000m resolution. 

 

Table 2.3.  MODIS spectral bands primary use  

Primary Use Band Bandwith1 
Spectral 

Radiance2 Required SNR3 
Land/Cloud Aerosols 1 620-670 21.8 128 

Boundaries 2 841-876 24.7 201 
Land/Cloud Aerosols 3 459-479 35.3 243 

Properties 4 545-565 29 228 
  5 1230-1250 5.4 74 
  6 1628-1652 7.3 275 
  7 2105-2155 1 110 

Ocean Color/ 8 405-420 44.9 880 
Phytoplankton/ 9 438-448 41.9 838 
Biogeochemistry 10 483-493 32.1 802 

  11 526-536 27.9 754 
  12 546-556 21 750 



 

 

43 

  13 662-672 9.5 910 
  14 673-683 8.7 1087 
  15 743-753 10.2 586 
  16 862-877 6.2 516 

Atmospheric 17 890-920 10 167 
Water Vapor 18 931-941 3.6 57 

  19 915-965 15 250 

Primary Use Band Bandwith1 
Spectral 

Radiance2 
Required  

NE[delta]T(K)4 
Surface/Cloud 20 3.660-3.840 0.45(300K) 0.05 
Temperature 21 3.929-3.989 2.38(335K) 2 

  22 3.929-3.989 0.67(300K) 0.07 
  23 4.020-4.080 0.79(300K) 0.07 

Atmospheric 24 4.433-4.498 0.17(250K) 0.25 
Temperature 25 4.482-4.549 0.59(275K) 0.25 
Cirrus Clouds 26 1.360-1.390 6 150(SNR) 
Water Vapor 27 6.535-6.895 1.16(240K) 0.25 

  28 7.175-7.475 2.18(250K) 0.25 
Cloud Properties 29 8.400-8.700 9.58(300K) 0.05 

Ozone 30 9.580-9.880 3.69(250K) 0.25 
Surface/Cloud 31 10.780-11.280 9.55(300K) 0.05 
Temperature 32 11.770-12.270 8.94(300K) 0.05 

Cloud Top 33 13.185-13.485 4.52(260K) 0.25 
Altitude 34 13.485-13.785 3.76(250K) 0.25 

  35 13.785-14.085 3.11(240K) 0.25 
  36 14.085-14.385 2.08(220K) 0.35 

1Bands 1 to 9 are in nm; Bands 20-26 are in um   
2Spectral Radiance values are (W/m2-um-sr)    
3SNR = Signal-to-noise ratio     
4NE(delta)T = Noise-equivalent temperature difference   
Note: Performance goal is 30-40% better than required   

(Source:http://modis.gsfc.nasa.gov/about/specifications.php) 
 

2.2.2  MODIS snow cover products 

     The MODIS SCA products used in this research (MOD10A1 from Terra and 

MYD10A1 from Aqua) are snow cover maps, created by NASA from the spectral images 

obtained by the MODIS sensor on both satellites.  To generate these maps, NASA applies 

several algorithms to the spectral image, using indexes such as NDSI and NDVI, as well 
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as a cloud mask to help distinguish between snow and cloud pixels (which have very 

similar spectral signatures).   

However MODIS provides other snow products as well, beginning with a swath 

product, and progressing through various spatial and temporal transformations to an 8-

day global-gridded product.  Available snow products, denoted MOD10 for the Terra 

satellite and MYD10 for the Aqua satellite, include the following. Note that the MYD10 

products are similar but not identical to the MOD10 products.   

a) The first product, MOD10_L2 represents images of 500-m spatial resolution at 

the time of data acquisition derived from calibrated radiances, previous MODIS 

products (new and improved algorithm versions are used with new data and to 

update old data), and from the direct results of the algorithm identifying snow and 

other features in the scene.   

b) The second product, MOD10_ 2G is generated from a single day of L2 data, 

reorganized, and stored in a earth-based grid, preserving all samples of the 

original L2 data (i.e. pixels are mapped to their geographical data, and can be 

stacked up as there are data from different dates) (Justice et al. 1998; Hall et al., 

2002; Hall & Riggs, 2007). 

c) The third product, MOD10A1, is a tile of daily snow cover at a 500m spatial 

resolution.  It uses the MOD10L2G product as its basis, selecting the best data 

based on a scoring algorithm to produce the tile.   

d) The fourth product, MOD10C1, is a geographic map projected daily global snow 

cover map. It is created by binning the 500m cell observations to the Climate 
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Modelling Grid 24 (CMG) 0.05° spatial resolution cells and assembling 

MOD10A1 daily tiles.   

e) The fifth product, MOD10A2, is an eight-day snow cover composite, created by 

compositing anywhere from two to eight days worth of the MOD10A1 product.   

f) The sixth and final product, MOD10C2, is an eight day composite of the 

MOD10A2 product. (Justice et al. 1998; Hall et al., 2002; Hall & Riggs, 2007) 

 

For each of these products the pixels are classified into the following categories: 

Table 2.4.  Pixel classification categories 
Code Category 

0 Missing Data 
1 No Decision 

11 Night 
25 Snow Free/Land 
37 Lake or inland water 
39 Ocean 
50 Cloud obscured 

100 Lake Ice 
200 Snow 
254 Detector saturated 
255 Fill 

 

2.2.3  MODIS Snowmap algorithm 

 The MODIS algorithms to calculate snowcover use the following data as input: the 

MODIS (Level 1B) radiance data, the MODIS cloud mask and the MODIS geolocation 

product for latitude and longitude, viewing geometry data and the land/water mask (Hall 

& Riggs, 2007).  The automated MODIS snow-mapping algorithm (Snowmap) uses 

satellite reflectance, from Level 1B, in bands 4 (0.5-0.565µm) and 6 (1.628-1.652µm) to 

calculate the normalized difference snow index (NDSI): 
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! 

NDSI =
band4 " band6

band4 + band6
        (2.1) 

 

A pixel is mapped as snow if NDSI is >= 0.4 and reflectance in MODIS band 2 (0.841-

0.876µm) is > 11% in a non-densely forested area.  However, if a pixel has a reflectance 

< 10% in band 4, it will not be mapped as snow.  This procedure is applied on both 

satellite images.  However “approximately 70% of the band-6 detectors are non-

functional on the Aqua MODIS. Since MODIS band 6 is crucial for snow detection, the 

loss of band 6 detectors forced a change in the Aqua snow mapping algorithms to use 

band 7(2.105–2.155 µm) where band 6 is used in the Terra MODIS algorithms.” (Hall & 

Riggs, 2007)  For this reason the MOD10A1 images were chosen over the MYD10A1 for 

this project. 

 

     To accurately map snow cover in densely forested areas, MODIS takes advantage of 

the normalized difference vegetation index (NDVI) using bands 1 (0.620-0.670µm) and 2 

(0.841-0.876µm): 

! 

NDVI =
band2 " band1

band2 + band1
        (2.2) 

If the NDVI equals or approximates 0.1, the pixel may be mapped as snow even if the 

NDSI is < 0.4.  This approach can be used because snow cover causes a change in 

spectral response of a forest.  In a snow covered forest the reflectance in the visible part 

of the spectrum increases with respect to the near infra-red due to snow’s high reflectance 

in the visible range.  In addition, a thermal mask was included in 2001 to reduce errors of 
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commission caused by spurious snow cover, and a cloud mask is used to reduce 

confusion between clouds and snow (Hall et al., 2002). 

 

2.2.4 The MODIS  Cloud mask algorithm 

     The MODIS cloud mask algorithm uses fourteen of the 36 MODIS bands in 18 cloud 

spectral tests that start with an initial guess of whether snow or cloud is being viewed so 

that the appropriate processing paths and tests can be applied. Following this step other 

processing paths and cloud spectral tests that vary with surface type, geographic location 

and ancillary data input are applied in sequence.  The first step consists of using the 

NDSI supplemented with ancillary data to discriminate between cloud and snow pixels in 

the image to eliminate the clouds that are over snow or instances where the NDSI falsely 

classify a pixel as snow.  That guess-result is reported as the snow/ice background flag in 

the data product to indicate what processing path was taken for a pixel.  Further tests are 

then applied and the results of all tests and processing flags are stored in the cloud mask 

data product. The summary result of whether a pixel is cloudy, clear or probably clear is 

reported in a single summary flag of the cloud algorithm for a pixel (Ackerman et al., 

1998)  

 

2.2.5  MOD10A1 and MYD10A1 used for the study area 

     The MOD10A1 and MYD10A1 products map all pixels to their Earth locations on a 

Sinusoidal Grid Projection (Figure 2.2) and the projection is divided into tiles with an 

approximate area of 1200 x 1200 km (10º x 10º (lat./long.) at the equator) (Wolfe, Roy, & 
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Vermonte, 1998).  Globally, there are 326 tiles that contain land and the one that 

corresponds to central Arizona is h08v05, which includes Arizona, Utah, southern 

California and part of Sonora, Mexico (Figure 2.3).  In addition, the data of both products 

is provided in a Hierarchical Data Format (HDF), which offers a daily binary SCA, 

fractional SCA (FSCA) and snow albedo data layers on each tile.  Operational data 

collection from the Terra MODIS began on February 2000 and continues till the present, 

while the MOD10A1 product has been available since September 13, 2000 through the 

National Snow and Ice Data Center (NSIDC) webpage: 

 http://nsidc.org/data/modis/index.html. 

 

     Operational data collection from the Aqua MODIS began on July 2002 and the 

MYD10A1 product is available through the same site.  For this study, SCA data from the 

Water Year 2005 was used from October 1st, 2004 to May 31st 2005 (Hereafter the study 

period will be referred to as year); SNOTEL data for the Salt River showed that this 

winter season had the most accumulated snow water equivalent from winter 2001 until 

winter 2007 therefore SCA was expected to be larger during this time. MATLAB 7.5.0 

(R2007b) was used for all image processing steps and graph figures while ArcGIS9 

ArcMap Version 9.3 was used for processing and projection change of geographic 

information layers necessary to process the images (e.g. Digital Elevation Model) and to 

create map figures. 
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Figure 2.2  Sinusoidal Projection tile coordinate system used to organize the MODIS 
image tiles.  
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F
igure 2.3  Example MODIS tile h08v05 that includes the study area. 
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2.3  Statistics of quality of the data and problems with the MOD10A1 image 

     The MOD10A1 product was selected for this project in part because of its high spatial 

resolution of approximately 500 meters.  However, this data is to be assimilated into the 

VIC model, at a spatial resolution of 1/8th of a degree (~12.5km).  Therefore an upscaling 

of the data was performed to reduce the resolution of the images.  The 51,375-500m 

pixels inside the watershed were aggregated into 116-12.5km grids for each day in the 

study period using the mean FSCA on each grid calculated from the FSCA data layer of 

each tile.  Figure 2.4a,b,c shows the change in resolution.  
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Figure 2.4 (a) Original tile. (b) Map of the grids with 1/8º resolution. (c) Upscaled image 
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     After this step some irregularities were encountered.  For example, on any particular 

winter day many grids had 100% FSC while the next day they had 0% FSC.  Even though 

the Southwest snow cover undergoes more than one period of melt during the winter, 

these statistics don’t reflect the expected gradual unset of snowmelt. To investigate the 

cause of this irregularity, we compared a time series of FSCA from one of the grids with 

a SWE time series from a SNOTEL station (Wildcat station) that is located inside the 

grid (Table 2.5).  This comparison suggested that something was wrong with the data 

since the SWE was never zero between the main accumulation and ablation period while 

the image showed several days with 0% FSC. 
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Table 2.5  Comparison between the Wildcat SNOTEL station’s SWE time series and 

corresponding MODIS grid’s FSCA 
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     A movie of the MOD10A1 SC maps (Figure 2.5) was created to help visualize the 

information.  This revealed the large extent to which clouds cover the watershed during 

the study period.  A “days of snow” map (Figure 2.6) was therefore created by assigning 

a value of 1 to the pixels that had snow cover and a value of zero to the pixels that didn’t.  

Then the images were added by pixel from October 1st until May 31st.  This map showed 

that the snow was being accumulated in the right places, mostly at higher elevations in 

the White Mountains on the eastern part of the watershed, while the movie showed that 

the images for many days had a considerable amount of cloud cover.  Figure 2.7 shows 

the amount of days with clouds per pixel in a year, created the same way Figure 2.6 was 

made.  
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Figure 2.5  Example MOD10A1 of the Salt River Basin for November 26, 2004. 
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Figure 2.6  Amount of snowy days per pixel in the Salt River Basin for WY 2005 
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Figure 2.7  Amount of cloudy days per pixel in the Salt River Basin for WY 2005 
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     This phenomenon helped to explain why grids with 100% FSC for one day can appear 

to have 0% FSC for the following day; the following day was full of clouds and thus the 

Snowmap algorithm couldn’t classify the pixels as snow or land cover. On the Salt River, 

cloud cover for the winter months of WY 2005 accounts for 38.7683% of the MOD10A1 

pixels inside the watershed.  Usually the cloud cover is related to periods of active 

snowfall, and therefore when snow falls it is not observable right away in the images.  

Further, it can sometimes takes several days for the cloud cover to clear, during which 

time some of the snow in the lower lands can melt away, making it difficult to account 

for that snow in calculations of the energy and water balance in a hydrologic model.  As 

mentioned in the literature review, several papers have discussed techniques to improve 

the MOD10 images by reducing obscuration by clouds.  In this study, several of these 

techniques (with minor modifications) along with some newly developed techniques, 

were applied to calculate the probability that a cloudy pixel is obscuring the existence of 

snow cover.  These techniques along with their results are described in the next chapter. 
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3.0  IMAGE CORRECTION- METHODS AND RESULTS 
 
     Cloud obscuration of MODIS SCA images greatly complicates the problem 

assimilating the information they contain into a LSM.  Therefore, this work is focused on 

developing and implementing techniques to reduce cloud cover in the MOD10A1 SCA 

NASA product.  Four major techniques have been used separately and in sequence 1) 

combining the Terra and Aqua SCA products (MOD10A1 and MYD10A1 respectively), 

2) time interpolation with three different time windows, 3) nearest neighbor spatial 

interpolation coupled with elevation and aspect data, and 4) logistic regression coupled 

with elevation and aspect information.   

 

     The chapter is organized as follows:  A description of each technique and how it was 

applied is provided in the next section, a description of the summary statistics used to 

assess the changes in cloud cover is presented in section 3.2, the cloud reduction results 

obtained using each technique are presented in section 3.3 along with extra steps taken to 

apply the logistic regression, and the cloud reduction results obtained after applying all 

the techniques in sequence are presented in section 3.4. 

 

3.1.0  Description/Assumptions of Methods 

 

     Four algorithms were used to remove cloud cover from the MOD10A1 images.  These 

methods are described in this section along with the assumptions made to implement 

them. 
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3.1.1 Terra/Aqua combination 

     The first technique used to reduce cloud cover is to combine the MOD10A1 and 

MYD10A1 SCA images.  Combination of these images takes advantage of the short time 

interval (3 hours) that exists between the two observations and the transient movement of 

clouds during that time which may lead to different cloud coverage between both images.  

The principal assumption made in appling this method is that snow conditions remain the 

same during that 3-hour period (i.e. no snow falls or ablates).  When combining the two 

images, if a pixel on the MOD10A1 image is covered by clouds/error but it has good 

information on the MYD10A1 image (i.e. land or snow cover) then the cloudy pixel on 

the MOD10A1 is replaced by the land/snow cover pixel from the MYD10A1.  

Combination of the two images allows obtaining the maximum cloud free coverage for 

the day. This technique was adopted from Parajka and Blösch (2008), which gave the 

best results compared to the other approaches they used.  Using this technique over 

Austria they reduced the percentage of annual cloud coverage from 66.1% to 55.0% with 

a snow underestimation and overestimation error of 0.2% and 2.0% respectively. 

 

3.1.2 Time Interpolation 

    The second technique applied is the time interpolation method, which uses three 

temporal windows employed sequentially.  This approach makes the same assumption as 

the Terra/Aqua combination step where cloud cover can diminish between time steps and 

therefore reveal snow cover conditions on the land.  It also assumes that snow cover 
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conditions remain the same between the spans of the different temporal windows;  this 

assumption is considered to be reasonable because the probability of snowmelt is lower 

during cloudy days due to cloud reflection of a large fraction of the incoming shortwave 

radiation that could induce snowmelt.  The first window removes cloud coverage from 

the cloudy pixels on image(t) by examining the snow cover information contained on 

image(t-1) and on image(t+1) on the locations of image(t)’s cloudy pixels (t=day).  If 

both image(t-1) and image(t+1) have snow cover on those pixels, then the cloudy pixels 

on image(t) are reclassified as “snow covered”.  A similar rule applies for land cover.  

The second and third windows apply the same logic but the temporal window verifies the 

information contained on image(t-1) and image(t+2); and on image(t-2) and image(t+1) 

respectively.   

 

     This technique was adopted from Gafurov and Bárdossy (2009) who worked with the 

Kokcha Basin in Afghanistan and modified the temporal window applied by Parajka and 

Blösch (2008).  The latter tested temporal windows of 1, 3, 5 and 7 days prior to the 

observation but they found a decreasing trend in overall accuracy with the increasing 

width of the temporal window.  Hence the small width of the windows applied.  With this 

technique, after applying the Terra/Aqua combination, Gafurov and Bárdossy (2009) 

achieved an average of 28.475% cloud cover reduction for the days they reported.  They 

found that the temporal window’s effectiveness to reduce cloud cover is sensitive to the 

amount of days in series that are cloud covered.  Therefore less than optimal performance 
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is expected for the months of January and February where cloud cover tends to be 

highest. 

 

3.1.3 Nearest neighbor spatial interpolation 

     The nearest neighbor spatial interpolation method uses snow cover information on the 

eight surrounding pixels (edge and diagonal) of a cloudy pixel to remove the cloud 

coverage.  This step was adopted and modified from Gafurov and Bárdossy (2009).  In 

their approach, if any of the eight neighboring pixels has snow cover and also has 

elevation lower than the cloudy pixel, then the cloudy pixel is classified as snow.  With 

this technique, after applying four other techniques in sequence prior to this one, Gafurov 

and Bárdossy (2009) achieved an average of 3.431% cloud cover reduction for the days 

they reported.   

 

     We modified this technique by also taking into consideration the aspect of the 

neighboring pixels compared to the cloudy pixel and adding a second step that takes into 

consideration the no-snow conditions of the neighboring pixels.  Hence, if any of the 

eight neighboring pixels has snow cover, has elevation lower than the cloudy pixel, and 

has aspect the same as the cloudy pixel, then the cloudy pixel is reclassified as snow 

covered.  The same logic was applied sequentially for land covered neighboring pixels.  

After verifying if the cloudy pixels had snow on the previous spatial interpolation step, 

the pixels that were not reclassified as snow and were left as cloudy were reprocessed.  

This time, if any of the eight neighboring pixels has land cover, their elevation is higher 
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than the cloudy pixel and their aspect is the same as the cloudy pixel, then the cloudy 

pixel was reclassified as “land covered”.  We included aspect information because 

topographic controls like elevation, slope and aspect can significantly influence energy 

exchange and melt across a watershed by modifying the exchange of direct-beam and 

diffuse shortwave radiation and longwave radiation (Dewalle and Rango, 2008).  

However, slope wasn’t taken into consideration for this study. 

 

     A Digital Elevation Model (DEM) was necessary to implement this step.  A 30 meter 

resolution DEM was obtained from the USGS for the approximate area of study and was 

‘clipped’ to obtain the elevations for the exact area of study using ArcGIS 9.3.  This 

DEM was used to generate an aspect grid using the Aspect Tool of the Spatial Analyst 

Extension in ArcGIS 9.3.  The aspect of the slopes is measured counterclockwise in 

degrees from 0 (due north) to 360º (again due north).  Each pixel is assigned a value 

between 0 and 360 (Table 3.1) unless the slope is flat in which case it has a value of -1.  

A reclassification of the slopes values was done as shown on Table 3.1 to be able to use 

them on the nearest neighbor spatial interpolation.  The SCA images have a resolution of 

approximately 500 meters (463.3127m), thus, a re-sampling routine was run to upscale 

the DEM and the Aspect grid from 30m to 500m resolution using the nearest neighbor 

and majority or pixels rules respectively and to give the DEM and Aspect grid the same 

spatial extent as the MOD10A1 images. 
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     Table 3.1.  Reclassification of aspect continuous values to categorical values. 

Orientation Value (º) Re-classification 
Flat -1 1 

North 0-22.5 2 
Northeast 22.5-67.5 3 

East 67.5-112.5 4 
Southeast 112.5-157.5 5 

South 157.5-202.5 6 
Southwest 202.5-247.5 7 

West 247.5-292.5 8 
Northwest 292.5-337.5 9 

North 337.5-360 2 
 

3.1.4 Locally Weighted Logistic Regression 

     The locally weighted logistic regression (LWLR) method is used to calculate the 

Probability of Snow Occurrence (PSO) for each cloudy pixel by using the relationship 

between spatial attributes of the surrounding pixels that have snow/no-snow information 

and those of the cloudy pixel.  This method is adapted from Clark and Slater (2006) who 

created a spatially continuous grid of daily precipitation totals in complex terrain by 

applying the LWLR to sparse meteorological stations (COOP and SNOTEL) in western 

Colorado.  They used elevation, latitude and longitude as the explanatory variables (i.e. a 

predictor variable which is used in a relationship to explain or to predict changes in the 

values of the dependent variable).  In this project, elevation and aspect are used as the 

spatial explanatory variables in the LWLR and the meteorological stations are substituted 

by pixels with snow/no-snow information around the cloudy pixel.   

 

     To obtain the PSO on a cloudy pixel the LWLR assigns higher weights to the 

information obtained from the pixels that are closer to the cloudy pixel and fits the data to 
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a logistic curve.  The following equations modified from Clark and Slater (2006) are used 

to calculate the PSO of a cloudy pixel (PSOicloud): 
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Where Z and X are vectors containing the elevation and aspect information of the cloudy 

pixels and the snow/no-snow pixels respectively, β is a vector containing the logistic 

regression equation coefficients, Y’ is a vector containing the snow occurrence on the 

snow/no-snow pixels (1 or 0 respectively), W is a diagonal matrix with the weights of 

each snow/no-snow pixel, V is a diagonal variance matrix of the snow occurrence in the 

snow/no-snow pixels, π is the probability of snow occurrence on the snow/no-snow 

pixels, dipix is the distance of each snow/no-snow pixel to the cloudy pixel being 

processed and MAXD is the Maximum Distance of the snow/no-snow pixels to the 

cloudy pixel.  For a complete description and examples on how to perform the 

calculations please refer to Clark and Slater (2006) and Loader (1999). 

 

3.2.0  Description of Summary Statistics 



 
 

 

67 

 

     This section describes a pre-processing step performed on the images to simplify the 

analysis process and the summary statistics used to assess the effectiveness of the cloud 

removal algorithms.  

 

     The different pixel classification categories available on the MOD10A1 and 

MYD10A1 products were aggregated for simplification purpose (Table 3.2) and three 

new categories were added (Corrected Snow, Corrected No Snow, Missing days) for the 

figures and statistics. 

 

     Table 3.2.  Reclassified and new pixel classification categories 

New Code New Category Original Code Old Category 
1 Cloud 11 Night 
  50 Cloud obscured 

2 Error 0 Missing Data 
  254 Detector saturated 
  255 Fill 

3 Snow 200 Snow 
4 No snow 25 Snow Free/Land 
  37 Lake or inland water 
  39 Ocean 
  100 Lake Ice 

5 No Decision 1 No Decision 
6 Missing Day N/A N/A 
7 Corrected Snow N/A N/A 
8 Corrected No Snow N/A N/A 

 

The summary statistics used to illustrate the results include the % of changed pixels per 

code per time period (Eq. 3.6), and the total percent cover of each code per time period 

(Eq. 3.7) after applying a technique:  
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where xi represents each category from code 1 through 6 (Table 3.2) and t represents the 

time period for which the statistic was calculated (i.e. year or month).  The initial Percent 

Cover for each category is shown in Table 3.3 for the study time period and on Table 3.4 

for the monthly Percent Cover. 

 

     Table 3.3.  Initial Percent Cover of each category for the MOD10A1 images. 

Cloud Error Snow No Snow No Decision Missing Day 
38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 

 

     Table 3.4.  Initial Monthly Percent Cover of each category for the MOD10A1 images. 

Month Cloud Error Snow 
No 
Snow 

No 
Decision 

Missing 
Day 

Oct 26.3122 0.0016 0.9553 72.7263 0.0045 0.0000 
Nov 45.8899 0.0082 3.6506 47.1169 0.0012 3.3333 
Dec 29.5635 0.4626 6.6598 60.0884 0.0000 3.2258 
Jan 50.3231 0.0076 11.2742 38.3927 0.0024 0.0000 
Feb 68.8556 0.0000 5.3048 25.8360 0.0036 0.0000 
Mar 42.7235 0.0116 5.4292 51.7976 0.0381 0.0000 
Apr 23.8345 0.0041 2.6100 73.5254 0.0260 0.0000 
May 25.3041 0.0068 0.2353 74.3336 0.1201 0.0000 

 

     The algorithms applied were processed using the following computers: 

     Table 3.5.  Computers used to execute the cloud removal algorithms. 

Computer Processor RAM System Program 

A 
Intel Pentium D 

2.80GHz 2.00GB 
Microsoft 

Windows XP 
MATLAB 7.5.0  

(R2007b) 
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B 
(2) 2.66GHz Dual-
Core Intel Zeron 4.00GB Unix 

MATLAB 7.6.0.324  
(R2008a) 

 

3.3.0 Results Of Each Method Applied Separately 

 

     In this section the results of each method are presented for the complete time series 

and for each month in the time series. 

 

3.3.1 Terra/Aqua combination 

     The Terra/Aqua image combination cloud removal technique is the first of four 

approaches to reduce the cloud obscuration of the MOD10A1 images.  The algorithm 

takes approximately 12.0058 minutes to execute when run by itself on computer A (see 

Table 3.5).  After combining the Terra and Aqua images the resulting image shows a 

decrease of 22.7028%, 96.7117% and 3.7407% for cloud cover, error and no decision 

respectively with an overall 22.8092% reduction of bad information pixels. In addition, 

two days of data are missing in the Terra images time series for the study period (e.g. 

11/04/04 and 12/24/04) but they are not missing in the Aqua images time series.  

Therefore this technique helped reduced the cloud coverage and errors as well as generate 

a more complete time series.  Table 3.6 shows the Percent Change for each category, 

Table 3.7 shows the initial and updated Percent Cover after combining the images and 

Table 3.8 shows the Monthly Percent Change for each category.  Figure 3.1 shows the 

cloud removal as a result of this technique for February 9th, 2005. 
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     Table 3.6.  Percent Change per category after combining the images. 

Cloud Error Snow No Snow 
No 

Decision Missing Day 
-22.7028 -96.7117 +34.4956 +14.5680 -3.7407 -100.0000 

 

     Table 3.7.  Change in Percent Cover per category after combining the images. 

Step Cloud Error Snow No Snow 
No 
Decision 

Missing 
Day 

Initial 
Coverage 38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 
After 
Combination 29.9668 0.0021 6.0745 63.9326 0.0239 0.0000 

 

     Table 3.8.  Monthly Percent Change per category after combining the images 

Month Cloud Error Snow No Snow No Decision Missing Day 
Oct -33.9571 -100.0000 +40.1341 +11.7612 -8.3333 NaN 
Nov -16.6215 -9.5238 +36.7049 +20.4210 0.0000 -100.0000 
Dec -20.4074 -100.0000 +37.7108 +11.9992 NaN -100.0000 
Jan -16.1533 -28.0992 +30.4364 +12.2407 0.0000 NaN 
Feb -18.0881 NaN +48.0192 +38.3483 -9.6154 NaN 
Mar -26.3574 -76.7568 +30.6337 +18.5470 -0.9901 NaN 
Apr -30.2681 -96.8254 +17.3619 +9.2078 -19.2020 NaN 
May -35.6556 -84.4037 +79.5624 +11.8954 -1.1506 NaN 

 

The NaN values shown on the tables mean Not a Number.  This value is given in Matlab 

when the denominator of a division is equal to zero.  In this case zero means that there 

were no pixels in the original image with the category in question (e.g. No pixels 

classified as No Decision, see Eq. 3.6)  
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Figure 3.1  Example result after combining the Terra and Aqua images. 
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3.3.2 Time Interpolation 

     The Time Interpolation cloud removal technique is the second of four approaches to 

reduce the cloud obscuration of the MOD10A1 images and is divided into three steps as 

mentioned in section 3.1.2.  The algorithm takes approximately 3.1804 minutes to 

execute when run by itself on computer A (see Table 3.5).  This algorithm reduces the 

cloud, error and no decision covers by 43.3737%, 94.5611 and 45.5015 respectively.  

Unlike the Terra/Aqua combination, this algorithm doesn’t give information on missing 

days.  Nevertheless, it does remove more bad pixels from the images than the Terra/Aqua 

combination.  Table 3.9 summarizes the Percent Change for each category, Table 3.10 

shows the initial and updated Percent Cover after applying the Time Interpolation and 

Table 3.11 shows the Monthly Percent Change for each category.  Figure 3.2 shows the 

cloud removal as a result of the time interpolations for October 21st, 2004. 

    Table 3.9.  Percent Change per category after applying the Time Interpolation 

Cloud Error Snow No Snow 
No 

Decision 
Missing 

Day 
-43.3737 -94.5611 +33.3279 +27.5645 -45.5015 0.0000 

 

    Table 3.10.  Change in Percent Cover per category after applying the Time 
Interpolation 

Step Cloud Error Snow No Snow No Decision Missing Day 
Initial 

Coverage 38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 
After 8 

Neighbors 21.9531 0.0035 6.0218 71.1850 0.0135 0.8230 
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    Table 3.11.  Monthly Percent Change per category after applying the Time 
Interpolation 
Month Cloud Error Snow No Snow No Decision Missing Day 

Oct -64.5106 -46.1538 +0.9268 +23.3299 -19.4444 NaN 
Nov -28.9284 -26.1905 +24.8094 +26.2574 0.0000 0.0000 
Dec -43.0427 -99.5385 +28.0771 +18.8315 NaN 0.0000 
Jan -48.6492 -60.3306 +42.4277 +51.3197 0.0000 NaN 
Feb -17.5764 NaN +36.0993 +39.4308 0.0000 NaN 
Mar -29.7366 -30.2703 +27.8222 +21.6540 -49.3399 NaN 
Apr -86.1192 -38.0952 +36.5087 +26.6515 -80.0499 NaN 
May -84.1065 -28.4404 +41.8356 +28.5667 -40.6381 NaN 
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Figure 3.2  Example result after applying the Time Interpolation algorithm. 
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3.3.3 Nearest Neighbor spatial interpolation 

     The Nearest Neighbor spatial interpolation method is the third approach to reduce 

cloud cover on the MOD10A1 images and takes into consideration the elevation, aspect 

and snow/no-snow information of the cloudy pixel’s eight surrounding pixels (edge and 

corner).  The algorithm takes approximately 7.9347 hours (476.0810 minutes) to execute 

when run by itself on computer A (see Table 3.5).  This step does not remove as many 

bad pixels as the previous steps.  In fact, it is the least effective algorithm of the four.  

The cloud cover was reduced only by 4.7221 percent while the error and no decision 

pixels were reduced by only 9.4524 and 0.0322 respectively.  Table 3.12 summarizes the 

Percent Change per category, Table 3.13 depicts the change in Percent Cover per 

category and Table 3.14 depicts the Monthly Percent Change per category.   Figure 3.3 

portrays an example of the application of this technique for December 29th, 2004. 

     Table 3.12.  Percent Change per category after consulting the 8 nearest neighbors 

Cloud Error Snow No Snow 
No 
Decision 

Missing 
Day 

-4.7221 -9.4524 +6.1291 +2.7954 -0.0322 0.0000 
 

    Table 3.13.  Change in Percent Cover per category after consulting the 8 nearest 
neighbors 
Step Cloud Error Snow No Snow No Decision Missing Day 
Initial 
Coverage 38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 
After 8 
Neighbors 36.9377 0.0580 4.7934 57.3631 0.0248 0.8230 
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     Table 3.14.  Monthly Percent Change per category after consulting the 8 nearest 
neighbors 
Month Cloud Error Snow No Snow No Decision Missing Day 

Oct -8.4583 -84.6154 +4.9034 +2.9977 0.0000 NaN 
Nov -4.1675 -20.6349 +7.8308 +3.4559 0.0000 0.0000 
Dec -3.9719 -7.2476 +3.7694 +1.5922 NaN 0.0000 
Jan -3.3901 -12.3967 +5.6250 +2.7942 0.0000 NaN 
Feb -3.3316 NaN +9.5900 +6.9100 0.0000 NaN 
Mar -5.0808 -59.4595 +6.9368 +3.4770 0.0000 NaN 
Apr -6.8169 -9.5238 +4.4499 +2.0525 -0.2494 NaN 
May -6.2385 -39.4495 +5.4162 +2.1101 0.0000 NaN 
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Figure 3.3  Example result after applying the Spatial Interpolation. 
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3.3.4  Logistic Regression 

     The Locally Weighted Logistic Regression (LWLR) method is the fourth approach 

used to reduce cloud obscuration on the MOD10A1 images.  It takes into consideration 

the elevation and aspect of the snow/no-snow information of the Y pixels surrounding the 

cloudy pixel and calculates the probability of snow occurrence in the cloudy pixel.  This 

method requires much more memory and time to execute than any of the previous three 

methods.  Table 3.16 shows how much time it takes to run the algorithm for the month of 

January using different Maximum Distances (MAXD, see Eq. 3.4).  However, running 

the LWLR on the entire period (243 days) with X = 30 takes approximately 315052.2644 

seconds (87.5145 hrs, 3.6464 days) on computer B (see Table 3.5). 

 

     Before applying the LWLR algorithm to the MOD10A1 images different MAXDs 

were tested to establish the size of the window around a cloudy pixel to be used to 

calculate the probability of snow occurrence (PSO), generate statistically robust results, 

reduce a significant amount of clouds from the images, while having a reasonable 

computational time.   A set of different X amount of pixels to the north, south, east and 

west of the cloudy pixel was applied to the LWLR algorithm (a total amount of Y pixels 

around the cloudy pixels).  Each X amount was evaluated using forecast verification 

statistics and calculating the Percent Change (Eq. 3.6) in cloud cover during the month of 

January to find a suitable MAXD.  Table 3.15 summarizes the different amounts of X 

pixels evaluated, Figure 3.4 shows an example of the cloudy pixel surrounded by Y 

amount of pixels and Table 3.16 shows the comparison between the six values of X. 
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Figure 3.4  Example of a cloudy pixel surrounded by Y amount of pixels.  X = 5, 
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Table 3.15.  Amount of surrounding pixels tested (Y) 

X Y = (2X+1)2-1 
Maximum Distance (m) 
from icloud (MAXD) 

5 120 3276.1156 
10 440 6552.2312 
15 960 9828.3468 
25 2600 16380.5781 
30 3720 19656.6937 
45 8280 29485.0405 

 

     The reliability of each MAXD LWLR result is evaluated using verification statistics 

for forecast probabilities as discussed in Wilks (2005) and Clark and Slater (2006).  The 

Brier Score (BS) as defined in Wilks (2005) is used as the main verification statistic.  The 

Brier Score (Eq. 3.8) is a scalar accuracy measure that averages the squared difference 

between pairs of forecast probabilities and the subsequent binary observations (analogous 

to the Mean Squared Error) (Wilks, 2005). 

( )!
=

"=
n

k

kk oy
n

BS
1

21            (3.8) 

where n is the total amount of forecast-observation pairs, yk is a forecast and ok is its 

respective observation. 

 

The BS was calculated from the joint distribution of the LWLR forecast probabilities and 

the observed Snow/no Snow pixels in the image by using the Calibration-Refinement 

Factorization of the joint distribution to get extra information about the performance of 

the LWLR.  The Calibration-Refinement Factorization is one of two ways in which we 

can factor the joint distribution of the forecasts and observations to obtain information 

about the verification problem and it is expressed as 
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! 

p yi,o j( ) = p o j yi( )p yi( )        3.9 

Where the left hand side of the equation is the joint distribution and the right hand side is 

its Calibration-Refinement Factorization.  The term yi represents each forecast probability 

rounded to the nearest tenth (I = 10) and oj represents each possible outcome (J = 2, snow 

occurrence or no snow occurrence) The Calibration-Refinement Factorization consists of 

the conditional probability of snow occurrence or no snow occurrence given one of the 

forecast yi  and of the unconditional (marginal) distribution of the forecast yi, which is the 

relative frequency of each forecast (Wilks, 2005) 

 

     The LWLR was applied to the Snow/no Snow data pixels to cross-validate them, - that 

is, they are treated as “cloudy” pixels and their PSO is calculated using the information 

from their Y surrounding Snow/no Snow pixels- for the month of January to calculate the 

verification statistics.  Each of these probabilities (31 images in January times the sum of 

PSOs calculated on each image) is rounded to the nearest tenth and binned into its 

respective category (i.e. A total of I = 10 categories comprising of probabilities between 

0.0 and 0.1, between 0.1 and 0.2, … and between 0.9 and 1) and the relative frequency of 

each category is calculated (P(yi)). In addition, the conditional relative frequency of 

observed snow occurrences in the “cloudy” pixel (ok =1 when there is snow and ok = 0 

when there is no snow) given each probability category (P(o1|yi) = 
i
o ) is calculated as 

well as the observations unconditional relative frequency (P(o) = o ).  This information is 

used to calculate the Brier Score in terms of the Calibration-Refinement factorization of 
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the joint distribution, which includes the Reliability, Resolution and Uncertainty terms.   

Below are the quantities used to calculate the Brier Score (Wilks, 2005). 

 

! 

n = N
i

i=1

I

"  where Ni  is the total amount of times a PSO equal to yi was forecasted. (3.10) 

! 

o i = P o
1

yi( ) =
1

Ni

ok

k"Ni

#         (3.11) 

! 

o =
1

n
o

k

k=1

n

"           (3.12) 

    

! 

Reliability =
1

n
Ni yi " o i( )

2

i =1

I

#        (3.13) 

      

! 

Re solution =
1

n
N

i
o 

i
" o ( )

2

i=1

I

#         (3.14) 
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Uncertaint y = o 1" o ( )        (3.15) 

         

! 

BS ="Re liability"""Re solution"+"Uncertaint y"     (3.16) 

  

The Reliability term consists of a weighted average of the squared differences between 

the forecast probabilities yi and the conditional relative frequencies of observed snow 

occurrences 

! 

o 
i
 in each sub-sample.  A reliable forecast would exhibit small or zero 

differences between the forecast probabilities and the conditional relative frequencies of 

observed snow occurrences.  In other words, 

! 

o 
i
 should be small when yi = 0.0 is a 
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forecast and should be large when yi = 1.0.  Therefore, a low (~0) Reliability value 

indicates a reliable (well calibrated) forecast. (Wilks, 2005)   

 

     The Resolution term is a weighted average of the squared differences between the 

conditional relative frequencies of observed snow occurrences for each category and the 

unconditional relative frequency of observed snow occurrences (overall sample 

climatology).  It summarizes the ability of the forecasts to discern subsample forecasts 

periods with different relative frequencies of the events.  In other words, if the relative 

frequency of snow occurrence is 

! 

o  = 0.303, then the difference between 

! 

o 
i
 and 

! 

o  should 

be large for all cases were yi is not 0.3 and near zero when yi is equal to 0.3 (Remember 

! 

o 
i
 = 

! 

P o
1
yi( )).  Therefore, the absolute value of the Resolution term should be large for 

the forecast to strongly resolve the event. (Wilks, 2005) 

 

     On the other hand, the Uncertainty term depends only on the variability of the 

observations.  Since the predictand is dichotomous there are only two possible outcomes, 

snow or no snow, and hence the variance of the observations is identical to the variance 

of the Bernoulli distribution.  This term has a minima when the relative frequency of 

observed snow occurrence is either one or zero (i.e. the event always occurs or never 

occurs and so Uncertainty = 0) and a maxima when the relative frequency of observed 

snow occurrences is 0.5 (i.e. the event happens half the time and so Uncertainty = 0.25). 

(Wilks, 2005) Table 3.16 shows the results for the BS and each of its constituent terms, 
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the Percent Change in cloud reduction and the amount of time it takes to run the LWLR 

algorithm for the month of January. 

     Table 3.16.  MAXD Brier Score Results 

Statistic/X 5 Pixels 10 Pixels 15 pixels 25 pixels 30 pixels 45 pixels 
BScore 0.0050 0.0066 0.0074 0.0084 0.0087 0.0093 

Reliability 0.0001 0.0002 0.0004 0.0007 0.0008 0.0011 
Resolution 0.1592 0.1539 0.1508 0.1470 0.1456 0.1425 

Uncertainty 0.1748 0.1749 0.1749 0.1749 0.1749 0.1750 
Cloud 

Reduction -17.9087 -30.1570 -37.5462 -47.6641 -51.3083 -57.4056  
Time to  

Run LWLR 
(s) 11186.79 15142.79 40730.64 53042.33 79348.73 241603.04 

Time to run 
LWLR 

(minutes) 186.447 252.380 678.844 884.039 1322.479 4026.717  
Time to run 

LWLR 
(hours) 3.107 4.206 11.314 14.734 22.041  67.112 

 

     An accurate forecast would exhibit a BS = 0 or close to 0, whereas an inaccurate 

forecast would exhibit a BS = 1 or close to 1.  Based on the results shown in Table 3.16 

we chose an X = 30 due to its high percentage of cloud reduction while not being as time 

consuming as X = 45.  The BS for X = 30 is not as good as the BS for X = 5, 10, 15 or 25 

but it is not too different from X = 15, 25 and it removes more clouds.  The real tradeoff 

would be between X = 25 and X = 30 but we decided to try X = 30. 

 

     Unlike the previously discussed methods, the LWLR does not, by itself, automatically 

reclassify the cloudy pixels as being snow/land covered.  The LWLR only gives a 

probability that a cloudy pixel has snow.  Therefore a threshold of minimum probability 
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must be found to decide whether a pixel has snow or not- that is, a threshold probability 

that divides the sample space into snow and no snow.  A cloudy pixels whose PSO is 

above this threshold will be reclassified as snow and/or as no snow if the PSO is below 

the threshold.  A sensitivity analysis was carried out to find this threshold by varying a 

minimum probability threshold parameter (Th) from PSO = 0 to PSO =1 (Th = 

[0:0.025:1]) and choosing the Threshold that minimizes the commission and omission 

errors.  This process is executed for every cloudy pixel to which the LWLR is applied.  

As part of the LWLR, the regression model calculates a PSO for all the data pixels 

surrounding the cloudy pixel (π in Equation 3.3), to iteratively estimate the logistic 

regression coefficients (Equation 3.2).  For each data pixel surrounding the cloudy pixel 

(e.g. cloudy pixel #751 with 2071 data pixels around it, see Table 3.18), every Threshold 

value was used to declare a data pixel as snow or not (i.e. if P[SnowOccurrence on 

πipix]>= Th(T)  then that pixel was declared as snow covered, otherwise it was declared as 

having no snow) and the decisions were stored in the matrix: 

! 

ThVariatonMatrix " #ndata,nTh  where ndata is the amount of data pixels used and nTh is 

the amount of thresholds used (nTh = 41).   

 

     The outcome of each Threshold used (i.e. snow/no-snow) was compared with the 

snow/no-snow information obtained from the image for those data pixels and the amount 

of commission and omission errors (i.e. the image has no snow in that pixel and the rule 

said there is snow or the image has snow in that pixel and the rule said there is no snow, 

respectively) were quantified and the conditional probabilities of commission and 
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omission errors were calculated via Equations 3.17 and 3.18.  The minimum probability 

threshold chosen, to determine if a pixel has snow or no-snow, is that Threshold which 

minimizes the sum of the conditional probabilities of commission and omission errors.  

Tables 3.17 and 3.18 give example values used to demonstrate the calculations and 

Figure 3.5 shows the transition between the original MOD10A1 image and the resulting 

image after applying the LWLR with the right Threshold with the intermediary steps (i.e. 

Original image, PSO for each pixel, Threshold chosen for each pixel and final result). 

Table 3.17.  Contingency table of counts showing the amount of commission (b, 
false alarm) and omission (c, misses) errors as a product of using a threshold of PSO = 
0.625 to distinguish between snow and no-snow for the cloudy pixel #751 on MOD10A 
for November 26, 2004. 

 
 Image (Observed)  

Regression 
(Forecast) Yes Snow No Snow  

Yes Snow a=203 b=15 a+b=218 
No Snow c=125 d=1728 c+d=1853 

 a+c = 328 b+d= 1743 n = a+b+c+d=2071 
 

[ ] 0.0688
12

=
+

==
ba

b
yoPPb        (3.17) 

[ ] 0.0675
21

=
+

==
dc

c
yoPPc       (3.18) 

 

Table 3.18.  Example of the conditional probabilities obtained from different threshold 
values from 0.45 to 0.75 for the cloudy pixel #751 on MOD10A image for November 26, 
2004. 

Cloud 
Pixel 

 
Data 
Pixels PSO Pc Pb Pc+Pb Threshold 

Logistic 
Regression 

Results 
751 2071 0.7242 0.0456 0.1570 0.2245 0.50 No Snow 
751 2071 0.7242 0.0480 0.1388 0.2026 0.525 No Snow 
751 2071 0.7242 0.0515 0.1165 0.1868 0.55 No Snow 
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751 2071 0.7242 0.0571 0.1004 0.1681 0.575 No Snow 
751 2071 0.7242 0.0621 0.0894 0.1515 0.60 No Snow 

751 
 

2071 0.7242 0.0675 0.0688 
min(Pc+Pb) 
 = 0.1363 0.625 Snow 

751 2071 0.7242 0.0778 0.0667 0.1445 0.65 Snow 
751 2071 0.7242 0.0860 0.0625 0.1485 0.675 Snow 
751 2071 0.7242 0.0955 0.0645 0.1600 0.70 Snow 
751 2071 0.7242 0.1010 0.0567 0.1578 0.725 Snow 
751 2071 0.7242 0.1079 0.0560 0.1639 0.75 Snow 
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Figure 3.5  Transition between the original MOD10A1 image and the resulting image 
after applying the LWLR with the right Threshold. 
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     The scheme described above allowed for the reclassification of a cloudy pixel as snow 

covered or land covered.  With this new binary result the summary statistics were 

calculated for the LWLR.  Tables 3.19 and 3.20 show the Percent Change and Percent 

Cover respectively while Table 3.21 shows the Monthly Percent Change.  Figure 3.5 

shows an example of the results of this algorithm for November 26th, 2004. 

     Table 3.19.  Percent Change per category after applying the Locally Weighted 
Logistic Regression with X = 30 pixels. 

Cloud Error Snow No Snow 
No 
Decision 

Missing 
Day 

-62.1630 -44.0985 +96.1385 +35.4831 -60.2709 0.0000 
 

Table 3.20.  Change in Percent Cover per category after applying the Locally Weighted 
Logistic Regression with X = 30 pixels. 
Step Cloud Error Snow No Snow No Decision Missing Day 
Initial 
Coverage 38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 
After 8 
Neighbors 14.6688 0.0358 8.8587 75.6039 0.0099 0.8230 

 

Table 3.21.  Monthly Percent Change per category after applying the Locally Weighted 
Logistic Regression with X = 30 pixels. 
Month Cloud Error Snow No Snow No Decision Missing Day 

Oct -81.4657 0.0000 +136.6307 +27.6817 -36.1111 NaN 
Nov -61.9602 -20.6349 +133.2107 +50.0297 -26.3158 0.0000 
Dec -59.2220 -45.8605 +80.5138 +20.5667 NaN 0.0000 
Jan -51.0110 -26.4463 +91.1943 +40.0886 -5.1282 NaN 
Feb -49.9303 NaN +138.4529 +104.6552 -96.1538 NaN 
Mar -66.1341 -23.7838 +81.0887 +46.1128 -79.5380 NaN 
Apr -89.6510 -52.3810 +44.3395 +27.5095 -52.3691 NaN 
May -66.3663 -11.9266 +95.8911 +22.3819 -57.2176 NaN 

 

3.3.5  Graphical Comparison of methods 
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     The four cloud removal algorithms exhibited different results in terms of time required 

to run them and in the amount of clouds removed.  The time interpolation method 

requires the least amount of time while the logistic regression method requires the most 

time and memory.  Tables 3.22 and 3.23 show the difference between the methods in the 

percentage of pixels corrected by each method per category for the entire time period and 

monthly respectively.  The figures show that the Logistic Regression , Time Interpolation 

and the Terra/Aqua Combination  remove considerably more clouds than the Nearest 

Neighbor Spatial Interpolation (57.8%, 38% and 18% more clouds removed respectively) 

while the Logistic Regression removes more clouds than any other during the study 

period (18.8% more than the Time Interpolation and 23.4% more than the Terra/Aqua 

combination) and on a monthly basis.  The same trend applies for removing No Decision 

pixels whereas the Terra/Aqua and Time Interpolation algorithms remove more error 

pixels than the Logistic Regression.  All algorithms increased the amount of snow cover 

in the watershed more than they increased the amount of no snow cover.  This result was 

expected since the areas with the most consistent cloud cover throughout the study period 

are the areas of snow accumulation, mainly at higher elevations and specifically in the 

White Mountains (Figure 2.7).  
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Table 3.22  Percentage of pixels corrected by each method per category for the entire 
time period. 
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Table 3.23  Percentage of pixels corrected by each method for the Clouds, Snow and No 
Snow categories on a monthly basis. 
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3.4.0 Results of sequence 

     This section presents the cloud reduction results obtained after applying all the 

algorithms in a sequence (i.e. using the results from a previous step as the input image for 

the next step).  Tables 3.24-3.29 summarize the results and Figure 3.6 shows an example 

of the results obtained from the sequence for February 18th, 2005. 

     Table 3.24.  Percent Change per category after applying all the algorithms in sequence 

Cloud Error Snow No Snow 
No 

Decision 
Missing 

Day 
-93.7878 -98.8997 +153.9006 +54.3182 -63.7859 -100.0000 

 

 

Table 3.25.  Change in Percent Cover per category after applying all the algorithms in 
sequence. 

Step Cloud Error Snow No Snow 
No 

Decision 
Missing 

Day 
Initial 

Coverage 38.7683 0.0641 4.5165 55.8032 0.0248 0.8230 
After 

Combination 2.4084 0.0007 11.4675 86.1144 0.0090 0.0000 
 
Table 3.26.  Monthly Percent Change per category after applying all the algorithms in 
sequence 

Month Cloud Error Snow No Snow 
No 

Decision 
Missing 

Day 
Oct -97.5600 -100.0000 +54.4170 +34.5898 -86.1111 NaN 
Nov -96.1650 -75.3968 +170.9642 +87.5048 -100.0000 -100.0000 
Dec -93.4650 -100.0000 +106.6959 +40.2977 NaN -100.0000 
Jan -92.3201 -82.6446 +144.3925 +78.6298 -100.0000 NaN 
Feb -87.5229 NaN +321.1220 +167.3271 -26.9231 NaN 
Mar -93.7674 -88.6486 +134.6097 +63.3101 -79.8680 NaN 
Apr -99.3804 -100.0000 +58.2409 +30.1886 -97.5062 NaN 
May -99.3233 -86.2385 +160.0320 +33.3941 -50.6799 NaN 

 
 
Table 3.27 Final Monthly Percent Cover per category after applying all the algorithms in 
sequence. 
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Month Cloud Error Snow 
No 

Snow 
No 

Decision 
Missing 

Day 
Oct 0.6420 0.0000 1.4751 97.8822 0.0006 0.0000 
Nov 1.7599 0.0020 9.8918 88.3463 0.0000 0.0000 
Dec 1.9320 0.0000 13.7655 84.3026 0.0000 0.0000 
Jan 3.8648 0.0013 27.5532 68.5807 0.0000 0.0000 
Feb 8.5912 0.0000 22.3395 69.0667 0.0026 0.0000 
Mar 2.6628 0.0013 12.7375 84.5908 0.0077 0.0000 
Apr 0.1477 0.0000 4.1300 95.7217 0.0006 0.0000 
May 0.1712 0.0009 0.6119 99.1567 0.0592 0.0000 
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Table 3.28 Percent Cover Change of pixels corrected by each method sequentially per 
category for the entire time period. 
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Table 3.29  Percent Cover Change of pixels corrected by each method sequentially for 
the Clouds, Snow and No Snow categories on a monthly basis. 
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  Figure 3.6 Example of the Sequence Results for February 18th, 2005.  a.) Original 
image, b.) after T/A combination, c.) after Time Interpolation, d.) after Spatial 
Interpolation, e.) after Logistic Regression and final result.  
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4.0 VALIDATION RESULTS 

 

     The previous chapter described the algorithms used to reduce the cloud cover on the 

MOD10A1 images and presented the results of each algorithm separately and as a result 

of applying them in sequence.  Three out of the four algorithms removed a considerable 

amount of cloud cover.  However, the accuracy of the results needs to be assessed.  This 

chapter describes the process of validation of the cloud removal results.  The validation 

process was carried out comparing the SCA images with four SNOTEL sites located in 

the mountainous zones of the Salt River Basin.  Several forecast verification statistics 

were calculated from a contingency table for each step separately and for the sequence, as 

well as for the original MOD10A1 and MYD10A1 images.  The reminder of this chapter 

is organized as follows:  A description of the SNOTEL sites used for the validation 

process is presented in the next section, section 4.2.0 summarizes the statistics used for 

the validation and their meaning and section 4.3.0 presents the validation results for each 

step separately and in sequence. 

 

4.1.  SNOTEL sites description 

     SNOTEL sites are automated SNOw TELemetry stations that record real time Snow 

Water Equivalent (SWE) data as well as snow depth, precipitation and min and max air 

temperature in their standard configuration (Enhanced stations also measure barometric 

pressure, relative humidity, soil moisture, soil temperature, solar radiation and wind 

speed and direction for specific applications).  They are managed by the Natural 

Resources Conservation Service and are spread throughout mountainous areas of the 
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Western US (over 750 stations).  The state of Arizona has 21 SNOTEL stations, but only 

4 fall within the boundary of the study area (locations can be seen on Figure 2.1).  Table 

4.1 summarizes the specifics of these four stations. 

Table 4.1 SNOTEL stations specifics  

Station Name 
Station  
Num Longitude Latitude 

Elevation 
(ft) 

Period of 
Record 

Beaver Head 906 -109.2166 33.6914 
 

7990 
10/01/94 to 

Present 
Hannagan 
Meadows 911 -109.3095 33.6539 

 
9020 

10/01/88 to 
Present 

Maverick Fork 902 -109.4588 33.9212 
 

9200 
10/01/77 to 

Present 

Wildcat 918 -109.4797 33.7583 
 

7850 
10/01/88 to 

Present 

     The SWE is measured using snow pillows of different sizes and materials and a 

pressure transducer.  “Snow pillows are "envelopes" of stainless steel or synthetic rubber 

(hypalon) containing an antifreeze solution.  SWE is calculated by measuring the 

pressure exerted on these pillows by the weight of the snow. Hypalon snow pillows range 

in size from 6, 8, 10, or 12 feet in diameter with the larger pillows used in heavier snow 

accumulation zones.  Stainless steel pillows are 4 feet x 5 feet and usually configured in 

groups of two, three, or four depending on snow depth.” (http://www.wcc.nrcs.usda.gov/ 

snow/)  Figure 4.1 shows a typical SNOTEL site and Table 4.2 shows the SWE for each 

site for the winters of WYs 2001-2005. 
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Figure 4.1 Hannagan Meadows Site on the Southeastern part of the Salt River Basin 
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Table 4.2 SNOTEL stations’ SWE time series for Water Years 2001-2005 
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     In addition to the SNOTEL sites listed above, other sites exist in the watershed where 

snow depth is measured at lower elevations.  These sites are manage by the National 

Weather Service and are known as COOP stations (Cooperative Station Observations).  

Contrary to the automated SNOTEL stations, the observations at the COOP stations are 

taken by private citizens, institutions, etc. and consist of taking instrumental or visual 

observations and transmitting reports (NWS, 1989).  There are 6 COOP stations inside 

the study area (locations can be seen on Figure 2.1) but their snow depth measurements 

for WY 2005 are suspicious, all of them show recordings of no snow throughout the 

winter.  These recordings are suspicious because the winter of WY 2005 had the highest 

SWE in the SNOTEL time series shown on Table 4.2.  Therefore, these stations were not 

used for the validation process.  Table 4.3 summarizes the attributes of these stations. 

Table 4.3.  COOP stations specifics 

Station 
Name 

Station 
ID Longitude Latitude 

 
Elevation 

Period of 
Record 

Bartlett 
Dam 20632 -111º 38’ 58” 33º 48’ 33” 

1650 
 

Carefree 21282 -111º 54’ 0” 33º 49’ 0” 2530  
Payson 26323 -111º 20’ 0” 34º 14’ 0” 4908  

Pinnacle 
Peak 26603 ? ? 

 
2565 ? 

Punkin 
CTR 26840 -111º 19’ 0” 33º 53’ 0” 

2325 
 

Roosevelt 1 
WNW 27281 -111º 9’ 3” 33º 40’ 23” 

2205 
 

  
 
4.2.0 Validation Statistics 
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      The SNOTEL sites mentioned above where used coupled with several verification 

statistics for the validation procedure.  This section describes the reasoning behind the 

validation process and the verification statistics used.  The first section describes the 

reasoning and assumptions made and the second section describes the statistics used to 

evaluate the accuracy of the original and resulting images. 

 

4.2.1  Method Description 

     The SNOTEL sites were used to evaluate the accuracy of the MOD10A1 and 

MYD10A1 images as well as the results of the cloud removal algorithms.  These sites are 

considered point measurements in the area of study but their pixel positions in the 

images’ matrices were localized using ArcGIS 9.3 by converting the station’s point 

shapefile to a raster with the same extent and projection of the images.  This raster was 

then converted to an ASCII file which was opened as a matrix in MATLAB.  Once this 

matrix was imported to MATLAB, the algorithms were ran again separately and in 

sequence, and the hits, false alarms, misses and correct rejections were observed for each 

station on each day of the time series.  Table 4.4 shows a contingency table illustrating 

the variables used for the calculated statistics.  (Refer to Appendix A to see all the 

contingency tables). 

Table 4.4.  Example contingency table 

  Observed  Snow  
  Snow No Snow  

Forecast Snow a=hit b=false alarm a+b 

Snow No Snow c=miss 
d=correct 
rejection c+d 
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  a+c b+d n=a+b+c+d 
 

     For the validation procedure, the SWE observations at the SNOTEL stations are 

thought of as ground truth for the pixel that contains each station.  In the beginning, these 

pixels were considered to be cloud covered if their respective SNOTEL stations had 

measurable SWE (i.e. SWE >0).  This assumption implies that the SWE measured at the 

station, which has an area of approximately 6 m2 in average, is the same and homogenous 

throughout the 500x500 pixel (250km2).  This assumption might not be accurate for 

different reasons, one of the most important being the fact that the MODIS sensor fails to 

map snow at snow depths lower than 4 cm  (Hall, 2007).  Using an average snow density 

of 0.3621 g/cm3 (average snow density for the Wildcat station on WY 2005) this depth is 

approximately 0.57 inches of SWE.  Therefore a sensitivity analysis was done to find a 

SWE threshold value, ! , for which above this value (or equal to this value) the pixel 

would be considered as snow covered and below this !  it would be considered to be 

snow free.  As part of this process, the conditional probabilities of hits, false alarms, 

misses and correct rejections were calculated for 20 different SWE values ranging from 0 

to the maximum SWE found in the stations for the observed time period (!  = 

linspace(0,max(SWE),20)  were max(SWE) = 19.5 inches for the stations used).  These 

probabilities are calculated as follows:  

Conditional Probability of Hits = ( )
ba

a
yop

+
=

11
     (4.1) 

Conditional Probability of False alarms = ( )
ab

b
yop

+
=

12
    (4.2) 
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Conditional Probability of Misses = ( )
dc

c
yop

+
=

21
    (4.3) 

Conditional Probability of Correct Rejections =  ( )
dc

d
yop

+
=

22
   (4.4) 

Where o1 and o2 are the occurrence and absence of snow respectively in the SNOTEL 

sites and, y1 and y2 are the occurrence and absence of snow respectively in the image.  

 

     The !  chosen was that SWE that minimized the sum of the conditional probabilities 

of misses and false alarms and maximized the sum of the conditional probabilities of hits 

and correct rejections.  The !  turned out to be SWE = 1.0263 inches for the original 

images and all the algorithms separately and in sequence when looking for a !  using the 

complete time series.  Table 4.5 shows these results. 
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Table 4.5 Results for the !  SWE sensitivity analysis 
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4.3 Validation of steps 
 
      After finding a suitable !  value to use in the validation process, several verification 

statistics were calculated to verify the accuracy of the original images and the results.  

These statistics were taken from (Wilks, 1995) and were applied to each step separately 

and to the final result of the sequence.  The following statistics were considered and 

calculated from the contingency tables information (See Appendix A):  

n

da
PC

+
=           (4.5) 

cba

a
TS

++
=          (4.6) 

ca

ba
B

+

+
=           (4.7) 

ba

b
FAR

+
=           (4.8) 

ca

a
H

+
=           (4.9) 

 The Proportion Correct, PC (Eq. 4.5), and Threat Score, TS (Eq. 4.6) are strictly 

accuracy statistics while B (Eq. 4.7) is a measure of bias, the False Alarm Ration (FAR) 

(Eq. 4.8) is a measure of reliability and the Hit rate (H) (Eq. 4.9) is a measure of 

discrimination.  The PC is the fraction of forecast-observation pairs for which the 

forecasts correctly predicted the following snow event or no snow event.  An accurate 

forecast would show a PC = 1 (i.e. b=c=0) while an inaccurate forecast would have a PC 

= 0 (i.e. a=d=0).  The PC is a good measure of accuracy if the event (snow) and non 

event (no snow) occurred evenly (i.e. 50/50).  However, snow cover in the overall Salt 
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River Basin is less frequent than no snow cover.  The TS accuracy statistic is good for 

situations where the event to be forecasted (snow occurrence in this case) occurs less 

frequently than the nonoccurrence.  The TS is the number of hits divided by the number 

of times the snow occurrence was forecasted and/ or observed.  Similar to the PC, an 

accurate forecast would have a TS = 1 (i.e. b=c=0) and an inaccurate forecast would have 

a TS = 0 (i.e. a=0). (Wilks, 1995) 

 

      The Bias (Eq. 4.7) statistic is the ratio of the number of hits plus false alarms over the 

number of hits plus misses.  This statistic gives us information about the relationship 

between the average forecasts and average observations.  An unbiased forecast will 

exhibit a B =1, that is, the event was forecasted the same amount of times it was observed 

(therefore b=c=0).  If B>1 then the event was forecasted more times than it was observed 

(over forecast) and if B<1 the event was forecasted less times than it was observed (under 

forecast). (Wilks, 1995) 

 

     The False Alarm Ratio (Eq. 4.8) is basically the conditional probability of no 

occurrence of the snow event after it was forecasted to occur.  This statistic was used 

before to look for a suitable SWE value for the validation process.  It is the amount of 

times a false alarm occurred over the sum of the hits and false alarms.  Logically, a good 

FAR is equal or close to 0 (no false alarms) and a bad FAR is equal or close to 1 (no 

hits).  Last but not least, the Hit Rate (Eq. 4.9) is the conditional probability of 

forecasting the occurrence of the snow event when it was observed to happen.  In other 
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words, it is the ratio of correct forecasts to the number of times the event occurred.  H is a 

measure of “the ability of the forecasting system to produce different forecasts for those 

occasions having different realized outcomes of the predictand.” (Wilks, 1995)  

Naturally, I good H would be equal or close to 1 (no misses) and a bad H would be equal 

or close to 0 (no hits).  As it was mentioned before, these statistics were obtained for the 

original images and each step.  Table 4.6 summarizes the results. 

 
Table 4.6.  Verification Statistics for the original images and results 
 

Step PC TS B FAR H 
Terra 0.8540 0.7322 0.8514 0.0809 0.7826 
Aqua 0.8184 0.6823 0.9053 0.1464 0.7727 

Terra/Aqua 0.8344 0.7059 0.8854 0.1189 0.7802 
Time Inter. 0.8827 0.7895 0.9048 0.0712 0.8403 
Spatial Inter. 0.8517 0.7252 0.8557 0.0884 0.7801 

LWLR 0.8045 0.6707 0.8078 0.1016 0.7257 
Sequence  0.8434 0.7391 0.8975 0.1015 0.8065 

 
 
Table 4.6 shows that the time interpolation gives the best overall accuracy result from the 

individual cloud removal algorithms, its verification statistics are consistently better than 

the other methods.  In addition, its validation is even better than that of the original 

images.  This may be due to higher amount of cloud free pixels and therefore a higher 

amount of forecast-observation pairs were used to calculate the verification statistics.  

The other three methods have varying results with the LWLR having the least favorable 

outcomes.  The LWLR removes the most amounts of clouds but it might have less 

favorable verification statistics than the time interpolation due to the method’s own 

reduced accuracy (Refer to Table 3.16)  The next chapter will discuss in more detail. 
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5.0 DISCUSSION, CONCLUSIONS AND FUTURE RESEARCH 

 The research conducted for this study was presented in the previous chapters. This 

chapter discusses the results of chapters 3 and 4, draws conclusions about those results, 

and presents recommendations for future research. The first section (5.1) compares the 

results from the different cloud removal algorithms, section 5.2 discusses the evaluation 

results, section 5.3 presents the general conclusions, and section 5.4 presents some 

suggestions for future research. 

 

5.1 Differences in performance between the cloud removal algorithms 

     The cloud removal algorithms used in this study gave differing results with regards to 

the amount of cloudy pixels removed.  The Locally Weighted Logistic Regression 

(LWLR) removed the highest amount of clouds, followed by the Time Interpolation 

method, which was in turn superior to the Terra/Aqua combination. The Spatial 

Interpolation method came in last with very little cloud removal ability (Refer to Tables 

3.6, 3.9. 3.12 and 3.19). A similar cloud removal trend between the algorithms applies on 

a monthly basis (see Table 3.23).  For every month the LWLR removes more cloud 

cover, followed by the Time Interpolation, the Terra/Aqua combination and the Spatial 

Interpolation.  When removing clouds, all of the algorithms added more snow pixels than 

no snow pixels.  This result is expected since clouds tend to concentrate at higher 

elevations where the snow accumulates (Fig. 2.7); therefore the cloud removal algorithms 

would correct more pixels with snow. 
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     The LWLR approach may have removed more cloudy pixels because it uses 

information from other pixels inside an area of approximately 775 km2 around each 

cloudy pixel (~7% of the total area of the watershed).  This gives the LWLR an 

advantage over the other algorithms, which only look at the information in the same 

cloudy pixel with a difference in time interval or the 8 neighboring pixels with a lookup 

area of 0.86 km2.  The Terra/Aqua combination and Time Interpolation methods depend 

on the dispersion of clouds in a timely manner for them to be able to update the image 

being processed; if cloud cover persists for a number of days on the same pixel then these 

algorithms have no information to help with the identification process.  In addition, if the 

clouds remain concentrated at higher elevations for several days in a row, the LWLR can 

still use information from the lower elevations to remove the cloudy pixels.  The same 

applies for other situations in which the cloud cover persists in a certain area while 

leaving other areas of the watershed cloud free. 

 

     On the other hand, the LWLR has no power to remove cloud cover on days when the 

entire watershed is covered by clouds.  The Terra/Aqua combination and Time 

Interpolation methods can remove this cloud cover from the MOD10A1 image if the 

clouds disperse in a time less than the temporal windows between the Terra/Aqua images 

and/or the windows used for the Time Interpolation.  Further, the Terra/Aqua 

combination procedure helps to complete the time series (at least in WY 2005), a positive 

and useful aspect that none of the other algorithms possess.  Hence, these three 

algorithms (LWLR, Terra/Aqua combination and Time Interpolation) should be 
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combined in sequence to increase the available Snow Cover Area information on the 

MOD10A1 images.  Although the Spatial Interpolation approach makes a small 

improvement in the images, it can be ignored in the combined sequence of the algorithms 

since its contribution will be minor and any contribution it makes can also be made by the 

LWLR.  Eliminating this algorithm from the sequence will reduce processing time.  

 

     Application of the LWLR, Terra/Aqua combination and Time Interpolation algorithms 

in sequence reduced the cloud cover by 93.7878% and increased the snow cover and no-

snow cover by 153.9006% and 54.3182% respectively (Refer to Tables 3.24 and 3.25).  

The results would be even better if we didn’t include the days that were completely 

covered by clouds and for which the algorithms had little effect.  However, a 93.7878% 

reduction of cloud cover (from an initial cloud cover of 38.7683% to 2.4084% cloud 

cover) can be considered to be very successful. 

 

5.2 Differences in evaluation results of the cloud removal algorithms 

     As mentioned at the end of Chapter 4, time interpolation gives the best overall 

accuracy result from the individual cloud removal algorithms, its verification statistics are 

consistently better than the other methods (See Table 4.6).  In addition, its evaluation is 

even better than that of the original images.  The Time Interpolation’s Percent Correct, 

Threat Score, Bias and Hit Rate statistics are much higher than that of the original 

MOD10A1 and MYD10A1 images while the False Alarm Rate is lower (These outcomes 

are desirable).  This situation may be due to larger number of cloud free pixels in the 
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processed images and therefore a larger number of forecast-observation pairs were used 

to calculate the verification statistics than when using the original MOD10A1 images.  

This idea assumes that the accuracy of the Terra images remains constant throughout the 

days, which is reasonable given that the watershed characteristics do not change from day 

to day (e.g. land cover, terrain, etc.) so that the only source of inaccuracy that can change 

from day to day is precisely the clouds that we are removing. 

 

     The other three methods provide varying results, with the LWLR having the least 

favorable outcome.  The LWLR removes the highest amount of cloud cover but may 

have given less favorable verification statistics than time interpolation due to the 

method’s own reduced accuracy inherent in the extrapolation of information from 

surrounding pixels (which may be aggravated by the larger extent of the spatial window 

used).  Hence, the reduced accuracy of LWLR could perhaps be improved if a smaller 

area around the cloudy pixel is used to find the Probability of Snow Occurrence (Refer to 

Table 3.16).  On the other hand, the Spatial Interpolation method has very similar 

accuracy to the original image, possibly due to the fact that this algorithm didn’t really 

change the images much (only -4.7221% cloud reduction). 

 

     The Terra/Aqua combination also reduces the accuracy in terms of image verification 

statistics even though the observations are from the same day and the instruments should 

give the same results.  One reason may be that the MODIS instrument aboard Aqua has 

degraded data quality in band 6; note that 70% of the band 6 detectors have been 
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identified as non-functional.  Band 6 of the MODIS instrument pertains to the short-

wave infrared part of the electromagnetic spectrum (~1.6µm) where snow surfaces have 

low reflectance.  This band is used to calculate the Normal Difference Snow Index (NDSI, 

Eq. 2.1).  As a consequence, band 6 was substituted with band 7 in an Aqua-specific 

algorithm to map snow.  However, “Snow extent between same day Terra and Aqua 

products is very similar under the best of viewing conditions but differences emerge under 

less favorable viewing conditions. Instances of erroneous snow attributable to snow/cloud 

confusion exist in both versions and sensitivity of the algorithm to low illumination 

conditions has not yet been fully explored.” (Riggs and Hall, 2004)  The 2007 accuracy of 

the Aqua MYD10A1 images had not yet been assessed (Hall and Riggs, 2007) and no 

papers were found that do so. 

 

     Overall, when the sequence was applied, the accuracy of the images remained closely 

the same to the original MOD10A1 image with some improvements in certain areas.  The 

Threat Score increased which means that more pixels were correctly classified as snow, 

the Bias became closer to one meaning that in general there were relatively more hits 

than misses and false alarms and under-forecasting of the snow events was reduced, and 

the Hit Rate moved closer to one with more pixels correctly classified as snow.  These 

evaluation results are in accordance with the results of the cloud removal results where 

most of the corrected pixels were reclassified as snow. 
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5.3 Conclusions 

     The algorithms used in this study have effectively reduced the cloud cover obscuring 

the MOD10A1 image’s zone pertaining to the Salt River Basin for Water Year 2005.  

The Terra/Aqua combination, Time Interpolation and Locally Weighted Logistic 

Regression proved to be efficient for removing clouds with their own pros and cons and 

with accuracy more or less similar to that of the original images. The results of this 

project provide NASA with valuable information regarding their MODIS SCA products 

and will be reported as research results under the WaterNet project. 

   

5.4 Future Research 

     Chapter 1 introduced this work as being a component of two projects, WaterNET: The 

NASA Water Cycle Solutions Network, and a collaborative project between the 

University of Arizona and the Salt River Project to improve snow-driven streamflow 

predictions in the Salt and Verde Rivers.  The former project has reached its conclusion 

stage and therefore no additional research will be done for that part.   

 

     Regarding the second project, the cloud removal methods developed by this study 

could be applied in other watersheds such as the Verde River to further verify their 

performance.  The Terra/Aqua combination, Time Interpolation and Spatial Interpolation 

methods have been applied in other studies with different watersheds that have different 

topographical and climate characteristics as well as extension of the area of study 

(Parajka and Blösch, 2008; Gafurov and Bárdossy, 2009), but the LWLR has never been 
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used before for this application.  It would be interesting to see if it applies to other 

scenarios, and whether including slope information as one of the explanatory variables 

would also help.  In addition, to test the assumptions made, these methods can be applied 

to the same basin but using other Water Years that had lower Snow Water Equivalent. 

For those years the COOP stations may provide more reliable information and the 

evaluation procedure could be conducted including stations at lower elevations  

 

     Other possible further research includes assimilating the corrected images into a 

distributed hydrologic model like VIC to reduce the uncertainty of streamflow forecasts.  

While investigators such as Mcguire et al. (2005) and Andreadis and Lettenmaier (2006) 

have assimilated the MOD10A1 images into the VIC model with favorable results (Refer 

to Chapter 1), they reported that cloud cover reduces the usefulness of this data and 

consequently the data must be assimilated in an non-continuous manner.  Therefore the 

new corrected images could be assimilated in the same manner as Mcguire et al. (2005) 

and Andreadis and Lettenmaier (2006) (Direct insertion and using an Ensemble Kalman 

Filter respectively) for comparison to investigate if any improvements can be achieved.  

The same could be done when assimilating the MOD10A1 images on the VIC model to 

predict streamflow forecasts over the Salt River Basin. 
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APPENDIX A:  CONTINGENCY TABLES FOR EVALUATION 

     The following contingency tables were used to calculate the verification statistics for 

the original MOD10A1 and MYD10A1 images and the cloud removal algorithms’ results 

presented in Chapter 4. 

 

Table I.1 Contingency table for the original MOD10A1 images 
 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=216 b=19 a+b=235 
No Snow c=60 d=246 c+d=306 

 a+c = 276 b+d= 265 n = a+b+c+d=541 
  
Table I.2 Contingency table for the original MYD10A1 images 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=204 b=35 a+b=239 
No Snow c=60 d=224 c+d=284 

 a+c = 264 b+d= 259 n = a+b+c+d=523 
 
Table I.3 Contingency table for the results of the Terra/Aqua combination cloud removal 
step. 
 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=252 b=34 a+b=286 
No Snow c=71 d=277 c+d=348 

 a+c = 323 b+d= 311 n = a+b+c+d=634 
Table I.4 Contingency table for the results of the Time Interpolation cloud removal step. 
 

 SNOTEL (Observed)  
Image Yes Snow No Snow  
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(Forecast) 

Yes Snow a=300 b=23 a+b=323 
No Snow c=57 d=302 c+d=359 

 a+c = 357 b+d= 325 n = a+b+c+d=682 
 
Table I.5 Contingency table for the results of the Spatial Interpolation cloud removal 
step. 
 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=300 b=23 a+b=323 
No Snow c=57 d=302 c+d=359 

 a+c = 357 b+d= 325 n = a+b+c+d=682 
 
Table I.6 Contingency table for the results of the Locally Weighted Logistic Regression 
cloud removal step. 
 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=336 b=30 a+b=366 
No Snow c=127 d=343 c+d=470 

 a+c = 463 b+d= 373 n = a+b+c+d=836 
 
Table I.7 Contingency table for the results of the Sequence. 
 

 SNOTEL (Observed)  
Image 

(Forecast) Yes Snow No Snow  
Yes Snow a=425 b=48 a+b=473 
No Snow c=102 d=383 c+d=485 

 a+c = 527 b+d= 431 n = a+b+c+d=958 
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