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CHAPTER 1: INTRODUCTION

1.1 OVERALL RESEARCH GOALS

This studysought to develop methodfor confirming modekedsnow mapsvith
remotelysensedneasurementsvhichinspireda secondjoat to increase the
usability of the remotelysensedlata The following sectionplacethis workin the
contextof global change research neétl Need &Problem), define research
objectives {.3Objectives, introducethe Upper Kuparuk River Watershed (UKRW)
thecase study areatroducethe Moderate Resolution Imaging Spectroradiometer
(MODIS) 8 asatellitesensorand introduce the TOPMODEBased Land

Atmosphere Transfer ScherfBOPLATS) model

1.2 NEED & PROBLEM

The Global Change Research Act of 1%ablishedhe U.S. Global Change

Research Pgram(USGCRP) The USGCRP aims to founder st a
figlobal change, including the cumulative effects of human activities and natural

processes on the environment.. ®©hirteen federal organizations, tabulated in

Appendix A participate in the program. Each organization contributesven

research areagl) atmospheric amposition,(2) climate variability ana¢thange(3)

global carbon cyclg4) global water cycle(5) ecosystemg6) land use / land cover

change, ang7) human contributions aneésponses (US Global Change Research

Program, 2007)The U.S. Office of Management and Budget (2007) reploatsthe



USGCRP sperf5.9 billionin FY 2006 andproposes7.4 billion forFY 2008 to

study global change.

1.2.1Map Comparison Needs

Analystsin all severof the USGCRP researeeas are constructimgodels of the
earth more frequently and with greater complexignt ever before. As desktop
processing@advancements and wddased communation tools drive this growth,
analystsstruggleto systematically compare and confimodel results with measured

data.Pontius (2002) describésis problemas it applies tétandscape modeling

Modeling Landscape Dynagos is an indication of the tremendous growth in
the general field of landscape modeling. Our field abounds with variations on
Markov Chain models, Cellular Automata models, agmsed models, muti
nomial logistic regression models, etc. In fact, wereow producing models

faster than we can validate them

The research described in this thesispong tothe charterfrom the USGCRP for

better understanding aflobal changes bsgecommenithg mechanismso confirm

both spatiallyandtemporallydistributed model map results with remotely sensed

measurement counterparsaims to answer water resources questionsai by

the USGCRP (2003) describedihn@ pt er 5 of HAStrategic Pl an
Change Science Pr opaticalanthis sWalyadenesesvgystb e . 0 | n
Aimer ge measur ement s .Oft addresasEcts df Qestton3.3 s at el | i
from the Strategic Planvhich aski o r t hbneertditle®iryseasonal . . .

predictions. . .and. . .improvements . .in . . .regional models to reduce these



uncertaintes © Abetter understanding and i mproved

seasonal . . . interactions of the atmosphere with vegetation, soils, oceans, and the

cryosphere 0 and fAthe rol eualf watu&hisstddyalsd @ no t he a

aspirstoaddreshi ew que st i onlstegatoad WategCyela t h A

Observations, Research, and ModalifigSGCRP 20073et forth in the 2008

strategic plan: AFY 2008 act invamedaes wi || f

measuring key elements required to close the terrestrial water cycle budget on a

regional scale such as a river basin or wa
To addresshe USGCRHMeedsthis study usesnowmelt in the Upper

Kuparuk River Watersheiddmeasured by MODI&nd modeled by TOPLATEas a

case studyThis interest area and thismotely sensed dataset both (a)

strategically aligned with USGCRP needs and (b) practical choices for research for

the following reasonsTheinterest area Iein thecryospherethe interest area

demonstrateseasonaariability; the interest area hashistory of meteorological,

geological and hydrological measurements; the interestlaasdigital elevation

informationeasilyaccessibléo this research; the interest asdibits spatial

heterogeneity of ssw cover during the melt season; teenotely sensed dataset

exhibits a fine enough temporal resolution t@mitor a short snowmelt seasane

remotely sensed datasetiscessile at a low level of processing; atite renotely

sensed dataset hather datasets auable in the same location ¢bieck the

measurements. With an interest area and sktelectedthis studyses a goal to

define methods for testing model accuracy both spatially and temporally.



1.2.2Data Managemert Needs

Simultaneous to the increasing need for map comparison, the USGCRR spers

for better management of remotely sensed datest notably, he USGCRP funds

management dhree remote sensing projects: TROES and GOESrogram

primarily developedy NOAA and NASA the LANDSAT program deeloped by

NASA, USGS, and NOAand theoverarchingzarth Observing SystenkQS)

programmaintainedoy NASA at the Goddard Space Flight Center in Maryland
Theseprograms detailed inChapter Twd contract, launch, and maintain

satellite missions equipped with mespectral sensors. In space, sensors capture and

broadcast images of the earth. On the ground, analysts receive, process, and archive

the images. Growth of archived data at multiple lewé processing has created a

need to better dseminate information over th€orld WideWeb. USGCRP set

decaddong goals to make data free, available, and accessible vihaseil

technologies and GIS systeriifie progrant al | s f or a ibutionanspar ent

service that allows endsers to focus on data. Whfiest generationnformation

systems araow in placeemerging wekbased service technologydicate that

Abuil ding this framewor k musneedtbbe an evol ut

i r e dywpdated . . to respond to useequirements(USGCRP 2003)Such web

based technologies that could answer user regioesieproved data management

include the implementatioof model view contrdér programming patterns through

web-standard technotpesand thedeveloping semantic web standartlsese

technologies could answer requests for better conveyanpelbty assurance

dataset¢MODIS conference 2006)lata in usespecifiedgeographigrojections



(MODIS conference 2006and ondemand datdelivery (CUAHSI 2009.
Complementing USGCRP goals to make remeselgsed data manageable, this
thesis aims te@employ web technologies, when appropriate, during the process of (a)
convertinglow-level (Level 2) remotely sensed (MODIS) dat#o a geographic
information system (GISjompatibleformatand (b) comparing observed and

simulated results.

1.2.3Summary of Needs

In summarythis studyaddresswo needsset forth by the USGCRIR the early 1990s
which have been reevaluated and reinforceZDiD8 First, this studyaimsto develop
methods to access the accuracy and uncertainty of a time series of modiel maps
comparison to a time series of measured mBpase comparisemethod should
provide an example for future researchers calibrating, validaiimayaluatingthe
performanceof a model predicting snow water equivalent or snow coveredrarea
any small mountainousvatershed like the UKRWSeconadhis study shoulthegn
thedevelopnent ofa tool for makindow-level (MODIS Level 2)measurements
manageableDeveloping a MODIS datenanagement tool should reveal the ability
and practicality of comparing MODI®easurement of snow and iwemodeled snow
cover.

While thesaesearch needs are specific to snow coueing a quick snowmelt
event the methodand resultslevelopedn this studyshould be practical tonalysts
comparing other types of MODIS land cover measurements to other types of

simulated results during quigkoccurring eventsFor example, wildfire modelers



could use MODIS forestover measurements afice-cover measurements
calibrate their simulations. Flood modelers could similarly use MODIS watesr

measurements.

1.3 OBJECTIVES

The objectives of thistgdy were to:

1. Select resources
a. Select an interest area
b. Select a time period
c. Select remotely sensed measurements
d. Select a model

3. Comparemeasured and modelethps
a. Spatially
b. Temporally

4. Make measured and model maps compatible (manage data)

These objectives arbriefly discussed below.

1.3.1Preliminary Objectives. Resource Selectios

Sectionl.2 definesthe preliminaryobjectivesto investigate whether the UKRW
snowmelt, MODS, and TOPLATS meet the requirements foira@restarea, a time
period, measurements, and a madtat will bothhelp understandlobal change
according to the USGCRP and act as the case study for devetopingdsor
spatiotemporal map comparis@@hapter Threeescribeshereasonsvhy these

resourcesneet the needs of the USGCRP



1.3.2Map Comparison Objectives

This thesis aims to compare modeled and measured maps spatially and temporally.
The selection oTOPLATS aghe modeharrows thespatialmap ceanparison
objectives tadheevaluation of a singléinaryland category because TOPLA®Sly
assigns snoyin the form of a snow water equivaleat)dsnowfree categories to
designated region3 OPLATSdoes not, for example, assign ice or water to any
regon. Thisdecision to limit categoriesnd given the fact that tiMODIS
measurementsicludeother categoriekke clouds and lake i¢cereats the need for
anotherobjective to develop a way to reduce the number of categoribe
measured datdinaly, ano-datacategoryneed to be onsideredo account for
potential problem&om eitherthe modeledr measured data.

In line with USGCRP goals to uncover snethle mechanisms described in
t h Revi$ed Research Plan for the U.S. Climate Ch&ge ence Pr ogr amo
(USGCRP 200Band to exploit the high temporal resolution of the MODIS orbit, the
overalltemporal map comparison objecti@ensto recognize thandependence of
each measuresteneThis objective includes analysis of different elevatzones as
well as theentire watershedaddressing the impact of elevation on snowmedty{[@t

al. 2004).

1.3.3Data Management Objectives

Data managenm objectivesin this thesis ainto make MODISmeasurements
comparable to the modeltputas explained isectionl.2.2 Specifically,the

NSIDC distributes MODIS data that has been minimally processesvirath data



format, explained further i8ection2.2 Remotely Sensed Measuremefiigyure2-6).

For comparison of measured and model data, either measurements in the swath
format need to be converted into model output format, or model output needs to be
converted into the swath form&iata management objectisencludeevaluationof
existing software tool®r their ability tomanageswath measurementSection
2.2.2.4reviews theseoblsand repats results from attempting teenchmark them

with measured data.

1.4 POTENTIAL CONTRIBUTIONS AND IMPLICATIONS

Potentialcontributions of this studinclude thecreationof a mechanism to cqmare
measured and modeled maps, the creation of a list of best practicasage

publically swath data, and possibly the foundation for a-afed GIS application to
manage swath data and similar HBPS files.Other USGCRP projects will both
potentially review and improve on the map comparison mechanism and develop new

data management systems influenced by the findintigs study



CHAPTER 2: LITERATURE REVIEW

Fourtopics contibute to the literature review:
2.1Watershed Background
2.2Remotely Sensed Measurementth a focus on MODIS snow cover
2.3, Distributed Modelswith a focus on TOPLATS

2.4Map Comprison

2.1 WATERSHED BACKGROUND

2.1.1Location & Area

The Upper Kuparuk River watershed (UKRW), showirigure2-1 andFigure2-2,
spans 147.6 kfon the North Slope of Alaska IATM Zone 6 It is located at the
foothills of the Brooks Mountain Range in the USGS Philip Smith Mountains
guadrangle. Th&IKRW is flanked by Toolik Lake (east) and Imnavait Creek (west)
tributaries.Figure2-3 shows the UKRW shape projected in UTAdne 6

Water flows from the mountains, northward, into the main Kuparuk River
(Figure2-4). For comparison, the entire Kuparuk River watershed is almosné® t

as large as the UKRW. It cove8421 knf and flows througtthree physiographic

" McNamara et al. (1998) delineate a 142 kvatershed area for the Upper Kuparuk. This study uses
the value 147.6 kfnderived from a glacial geologyap of the Toolik Lake anthe UKRW created by
Walkeret al. in 2003. This number agrees with the product of the number of pixels (8557 pixels) and
the pixel size (131.34 m by 131.34 m) usedsbyéryet al. (2004).



provinces: ectic mountain, foothillsand coastal plains. The Kuparuk River
watershed pours into the Arctic Ocean at Prudhoe Bay.

The UKRW is accessible to researchers via the Dalton highway (Alaska 11),
al so known as n Hlaring cofRtauetidndf teransAlaska @l u s e
pipelinein the 1970sThe road and pipeline run along the west boundary of the
watershedFigure2-1). The road crosses the Upper Kuparuk River, forming the north
boundaryThe road makes the UKRW a prime place for hydrological and

meteorological stations.

1C



W P

Dalton Highway

Toolik Lake

2.0km

I~

Figure 2-1. Upper Kuparuk River Watershed.

This is a World Wind 1.4 render of LANDSAT 7 false-color mapped onto USGS 30-meter
DEM. The image is from the perspective of a person looking upstream, north of the
watershed outlet. The thin gray line represents the Dalton Highway, which delineates the
northern watershed boundary.

Figure 2-2. Location of the Upper Kuparuk Watershed with respect to Alaska
From NSIDC (http://nsidc.org/data/arcss017.html)
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This figure shows the UKRW in context with other tributaries in UTM Zone 6.
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Upper Knga_r(]k River Watershed

2

/ Arctic Ocean at Prudhoe Bay

Figure 2-4. Kuparuk River Watershed
The entire Kuparuk River watershed is 8,421 km?. Water flows from the Upper Kuparuk,
through the Kuparuk River into the Arctic Ocean at Prudhoe Bay.
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2.1.2Snowmelt

Statisticianglescribewinter-springsnowmelt as a secular event, usually lastass
than three months, ogaing annuallyln mountainous arctic region$e event
usuallystarts with100% snowcovered lanénd ends in norfePlots ofarea
compositesnowvariables like %SCA or meanSWE, againstime show that
hydrologistscan desibe snowmeltwith a decreasing logistic fation (biological

death curve)

i 0= 1+—§15W 100% 21

For proportion %SC/As, timet, and locatiorparametenr, andscaleparameteb,
where botha andb are greater than zerStatistical model$orecast snow using both
autocorrelation relationships detected within past snow measuremeirtsliaexct
correlatiors involving temperature (McCuen 2003)he effect ofground elevatiommn
snowmelt exemplifiesraindirect effect involving temperature.

Snowmelt in the UKRW specificallyusually accounts for a tlirof the
annual runoff (Kane etl. 2000).This discharge from snow melt is due in part to both
snow build up during the winter and thick permafrositlimg base flow in the arctic.

The largest snowmelt event of the ygathe UKRWusuallybegins in May (during

bird migration season) and sometimes in Junk,e n i lofanosEtses (Alaska

AThis arctic example of snowmelt does not imply the definition of snowmelt excludes tralgerse

of snowmelt in which interest areas are do not begin with 100% SCA. Land cover, land use, regional
temperatures, wind, and other factors in various interest areas often prevent 100% SCA at the end of a
given winter season. When snow melts in ¢hgituations, statisticians still call it snow melt..

14



Bureau of Land Management, 2006) make collecting measuremehésfield
particularly unattractiveompared t@atheringremotelysensed datiiom an offsite
locatonThi s #fwirntnegro (Li ston, 1998) event usua
discharge shortly afterwar8igure 2-5 hydrographs shows these events for the years
2000, 2001, and 2002 in the UKRWhe peak discharge for each of these years
rationally occursat the time othe maximunrate ofchange in %SCAThis study
uses this information to shatlvat theUKRW snowmeltiastedsix, ten, and seven
daysin years 2000, 2001, and 20@2Chapter Four
In addition to the importance of snowmelt on discharge, and in turn,
traditional water resources@ionstructio applicationsliston (1998)emphasizes
the i mportance of snow cover on the bal anc
attributesthe effect of snowmelt on radiation due to the high reflectandéhe low

thermal conductivity of snow covered areas.

— 30} it + 2000
2 < ; 2001
£ :&3 + 2002
o 20+ : i e
2
1]
E 10
S L
3 f

140 150 160 170 180 190

Day of Year

Figure 2-5 Winter-Spring Hydrographs

The peak discharge in the UKRW collected by Hinzman and Kane (2009) time during May

and June, for each 2000, 2001, and 2002, guides the time period selection in each of this

studydéds initial queries for snow cover. I't also allo
Quality Assurance information for those times. Note that the day of year references UTC

time, not UKRW local time which is nine hours ahead. May 1 occurs on day 135. (See
http://modland.nascom.nasa.gov/OA WWW/) . See MATLABE script #fAplot _hyd

reproduce this figure.
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2.1.3Meteorological Measurementst Geologyin the UKRW

Throughout the year, the U.S. Natiohdéather Service (NWS) gauges the
precipitation with a tipping bucket and Alter shigl During the snowmelt period,
Kane, et al. (2003) make additional precipitation measurements. They measure
precipitation twice dailyWind contributes to thepatiotempaal variability of SCA
along with accumulation and ablation (Zhang e2a00).

The Laurentide Ice Sheet shaped the foothills of the Brooks range (French 2007)
during theWisconsian GlaciatiofKaufman and Manely 2004f the late Pleigocene
epoch(Porter1964,Hamilton 1986) Permafrost penetraté@#o the groundiownto
600 meters in the Kuparuk River watershed mradhoeBay (Osterkamp an&ayne

1981), anddlownto 250 meters under the UKRW (Kane, et24103).
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Table 2-1. Watershed Characteristics

Characteristic Measurement Comments
Area 147.6 kni Small compard to the Kuparuk
(=56.99mi%) River watershed, which B,421
km?. The watershed area is
18.12% of the model area.
Perimeter 56.63km From \ectorarea
Number ofPixels 8,557 Includes only the Upper Kuparu
area shown ifrigure2-3
Maximum Streanmlength 22.24km (=13.82mi)
Elevation Min 736.4m The watershed starts in alpine
Max 1,492m foothills and drains into a
Range 755.8m relatively flat tundra.
Centroid X 404610m Calculated withCentroid.X
Y 606652m and.Centroid.Y  shape objects
Extent UTM Zone 6 Global Coordinate System
Left 398,086m West -149.508205
Right 413,190m East -149.121345
Top 616,590m North 68.649343
Bottom 598,334m South 68.480658
Table 2-2. Model Area Characteristics
Characteristic Measurement Comments
Area 814.0km* Includesmodel arearoundthe
(= 314.4 mi®) watershed shown iRigure2-3
Number of Columns 208 A =(131.34 mji 208t 227
Pixels Rows 227 = 814.5kn
Number 47216  =314.5mi°
Pixel Size Width (x) 131.34m Same as cell size.
Height(y) 131.34m 1 pixel = 1725020 m?
Projection UTM Zone 6 Clarke 1866 Datum
False Easting 500km
False Northing -7,000km
Extent UTM Zone 6 Global Coordinate System
Left 390862m West - 149.697228
Right 418181m East -148998749
Top 627,228m North 68.746202
Bottom 597,414m South 68.469708
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2.2 REMOTELY SENSED M EASUREMENTS

Remote sensing of the Earth from satellites creates opportunity to analyze both the
lay and utilization of the land. The process complements aerial remote sensing. In
general, aerial sensors deliver higher resolution images than satellite sensors because
of their proximity to the Earth; but aircraft paths are limited by flight zones, funding,
and fuel constraints. At times, analysts using aerial images must composite output
from different flights and different sensors to get a complete picture of an tnteres
area.The National Operational Hydrologic Sensing Center (NOHRSC) at NOAA,
for remotesensingof snow, gathergrocessesanalyzesand distribute®oth
satellitesensed and aerialsensedgnow cover information from their website
(NOHRSC 2009).

Builders and city plannersan, in generakchedule single aerial flighfor
constructability analysigiore easily thameteorologists, hydrologists, and other
earth scientistsan, in comparisorfund aircraft flights in order to monitor multay
eventsandeventsthat occur with little or no warning. These scientists, instead,
predominantlyuse satellite imagergCompared to sensors aboard aircraft, satellite
sensors capotentiallysupply apersistenstream fimages that blanket the earth.
Satellites arexpensive to build and maintain comphte aircrafts. When a problem
occurs on a satellite, replacenmmepars (or areplacement satellitfeannot be as
readily procured in comparison to a replacement part for an airguaft.problems,

in conjunction withauncheghat areseparated by yeargad to missing data.
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2.2.1Satellite MeasurementOverview

As introducedn 1.2.2Data ManagemérNeeds the USGCRPRunds andnanages
the POES and GOES programs primarily developed by NOAA and Nk8A,
LANDSAT program developed by NASA, USGS, and NOAA, and\Mt@DIS
(ModerateResolution Imaging Spectroradiometsa}ellite programdeveloped by
NASA. TheGOES, POES,ANDSAT, and MODIS missionsompose part of

N A S AEagh Observing System (EO%)pr sensing snow and ice, NOAA uses the
Interactive Multisensor Snow and Ice MappiSysten{IMS) to proces®OES and
GOESmeasurements. The resulting imagestaest suited for largecale (fourto 25
km cell size) meteorological forecasting in the northern hemisph&MNDSAT
missionsdeliver imagery with relatively high spatial resolutid® mcell sizg§ and
relatively low temporal resolutiof16 day earth coveragehile MODIS missions
deliverimagery withrelativelylow spatialresolution(30 m to 500 ntell sizg and
relatively high temporal resolutiottwo-day earth coverage®nly MODIS
measurements provideifficientspatiotemporatesolution to monitor aeasonal land
cover eventike the snowmelt season in the UKRWable2-3 summarizes the

characteristics of the satellites and their instrument described in this section.
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Table 2-3. Satellite and Instrument Characteristics for Sensing Snow & Ice

Satellite LANDSAT | AQUA & TERRA | POES | GOES
Instrument ETM+ MODIS AVHRR
Flight Pattern| near polar swsynchronous geostationary
Orbit Time | 98.9 min [98,102] min
Nominal 705 km 810 km & 36,000 km
Satellite 850 km
Altitude
Swath Width | 185 m 2,330 km up to not

24,140 km | applicable™
Swath Scene| 3,145 mf | 3,154820 knf nominally
Area” 1,000 knf
Scene Spatial 15 m 500 m for snow ang After processing through IMS:
Resolution ice products 25 km before 2004
(Cell Size) 4 km since 2004
Time to 16 days 2 days 1 day not
sensevery applicable™
point on the (14.1 polar
earth. orbits / day)

* Johnson 1996

*Swath widths vary b5e0mv@®OGAA2@6)Af ewd and 1
*** Eor comparison, the surface area of the earth spans 510,065,600 km2.

***% Geostationary satellites produce images centered around a single location on the earth.

2.2.1.1LANDSAT

Scientists recognize the LANDSAT programaasold and comprehensivemote

sensing project. Contractors are currently bidding on the development of the eighth

LANDSAT satellite scheduled to replace the aging LANDSA(Tabinched in 1984)
and LANDSAT 7(launched in 199%atellites in 2011Bergers (2006) estimates the
value of thecontract at $400 millionThe LANDSAT 7satelliteorbits the eartlonce
every99 minutesin anearpolar, sun-synchronoupattern at an altitude G05 km
While in orbit, he Enhanced Thematic Mapper PIETM+) satellitesen®sr records
acontinuousstrip ofthe Earth called a swaththat is 185 km wideThe LANDSAT

program divides swhsinto segments, called scenes, that are 170 km Tdmey.
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LANDSAT 7 satellite take232 orbitsor 16 days to record the entire earth (Williams
2007).Figure2-6 evincesthe components of a swath.

LANDSAT 7 producedigital images with pixels that have a cell size of 15m.
This resolution makes LANDSAT 7 imagery especially useful in popularbaskd
mapping systems like Yahoo Maps and Godgsps Additionally, deskop-based
GIS like Google Earttand NASA World Winduses falseolor LANDSAT images in
default views of EartiWhile LANDSAT 7 provides enough resolution for many
spatial applications, it does not provide enough temporal resolution for analysis of
day-to-day events where significant change occurs in less time than the satellite takes

to completely image the earth.

2.2.1.2MODIS Satellites Aqua and Terra

In December 1999, NASA launched the first EOS mission by sendagarate
Resoution Imaging Spectroradiomet@vODIS) sensor, among a total of 5 sensors,

into orbit aboard the satellite called Terra. In 2002, NASA launched a sister satellite
to Terra, called Aqua, with a second MODIS sensor. The satellites and their launches
are pictured irFigure2-7 andFigure2-8. Like LANDSAT 7, both Aqua and Terra

follow a nearpolar, sunrsynchronous ibit. Terra, also called EGAM, crosses the
equator in the morning while Aqua, called E®BI, crosses the equator in the

afternoon.
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Scene

Orbit 2 Orbit 1

Figure 2-6. Swath

A swath is a continuous strip of land sensed from a satellite in orbit. A swath scene is a

portion of a swath. This figure depicts the parts of a single swath taken from two consecutive

orbits. It also highlights an individual swath scene. The swath shown is similar to the one

produced by LANDSAT 7 in that the fAswath orbitso cc
drawn on a pseudo-cylindrical Robinson projection.
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a. Terra being
prepared for
loading

¢. MODIS sensor
on Agua

Figure 2-7. Moderate Resolution Imaging Spectroradiometer (MODIS)

MODIS is one of 5 instruments aboard Terra and one of 6 instruments aboard Aqua. (a) The
relative size of Terra is shown as it is being prepared for loading into the C-5 aircraft. (b)
Aqua is shown with (c) the MODIS sensor highlighted. (Photos from http://www.nasa.gov/.)
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a. Terra Launch b. Agqua Launch
December 18, 1999 May 4, 2002

Figure 2-8. Terra and Aqua Launch Photos

(a) C-5 aircratft lifting Terra on December 18, 1999 and (b) Delta Il rocket lifting Aqua, at 2:55
a.m. PDT on May 4, 2002. Both satellites were launched from Vandenberg Air Force Base,
CA. Photos from Wolfe (2002).
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MODIS reports observations of clouds, fire, ice, land, ozone, snow, temperature,
vapor, water, and more. It senses 36 different wavelengths rangin@pétom near
infraredtomidi nf rared (0.405 to 14.385 e€m) at an
(about threequarters of a megabyte) each second. MODIS records swath scenes that
are 2,330 km widé an order of magnitude larger than the LANDSAT 7 swatte Th
wide swath size, in comparison to LANDSAT, enables MODIS to see every point on
the earth every two days, or less.
The USGCRP has defined seven research topics based on MODIS data since
Terra was initially launched: atmospheric composition, climate viityaénd
change, global carbon cycle, global water cycle, ecosystems, land use / land cover
change, and human contributions and responses (US Global Change Research
Program, 2007). Riggs et al. (2006) present both an overview of MODIS concepts
and specift details pertaining to snow cover sensing. The overview favors Terra over
Aqua because of the former satedinfrarededs abi
waved lengths. Some detection bands on Aqua have failed. This study uses data

collected by bth Terra and Aqua.
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2.2.1.3GOES and POES Satellites

NASA, NOAA, the United Kingdom, and France developedGeestationary
Operational Environmental Satellg&OES) project an&olar Operational
Environmental Satellit€POES) project for weather forecastingang other
environmental and social causes (GOES 2008 and POES 2008). While the POES
satellite traces a stsynchronous, thereby viewing different points of the earth at
different times, the GOES satellite follows a geostationary orbits. This means that
GOES remains above the same point on the earth at all times. Both projects currently
launch several satellites each equipped with an Advanced Very High Resolution
Radiometer (AVHRR) among other payloads. AVHRR includes a channel (3A) for
sensing snow and ia 1.58um to 1.64um wavelengths and channels (1, 3B, 4) for
sensing cloud coverage among other chanAal$iRR 2008). While AVHRR can
produce relatively high resolution images with a pixel size as small as 1.1 km
(Robinson 2003), the final IMS productroently produces relatively lower resolution
images with a larger pixel size of four kilometers. POES and GOES projects
contribute to the oldest record of the northern hemisphere started by NOAA in 1966

when weekly products were created (Matson et al. 8986Robinson et al. 1993).
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2.2.2MODIS Snow Measurements

2.2.2.1Sensing Snow

While clouds, snow and water alhighly reflect light in the visible spectruronly
clouds highly reflect light in the near infrared spectrum; sand/ water absonmost
near infrared ligh Additionally, water reflectanfrared light less than snowhe
visible spectrunalone therefore, cannot distinguish between snow, clouds, and
water. The infrared spectrum, similarly, cannot sote$yinguish between snew
covered areaandsnowfree land. AVHRR, EDM+, and MODI&iseboth the visible
spectrum (0.40.7 um) and near infrared spectrum (0.3%m) to discriminate
between snow, clouds, and waf€able2-4). These sensoisan onlyreport unknown
snowcoverage in areas where cloudisd the earth This leavesnalystghe job of
estimating the uncertainty of the existence of snotha@se areagSection2.4.3.1
furtherdiscusses missing datapartially-obscured scengdall et al.(2001) and
Riggset al.(2006)dewloped a snow mapping algorithmtesteach poinof the
earth detected by MODIfer thepresence of snow.healgorithmdepend onthe
visible and near infrared bands of MOQI&able2-5) and consistsf threeBoolean
requirementsEach point of the earth that MODIS detects nsasisfyall three

requirementsn order for thealgorithmto indicate the presence of snawthat point
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Table 2-4. Relative Visible and Near-Infrared Reflectance of Clouds, Land, and Snow

Coverage RelativeReflectance

Visible Near Infrared
Cloud High High
Snow High Low
Water High Very Low
SnowFree Land Low Low

MODIS information from Riggs et al. (2006)

Table 2-5. MODIS Bands Used to Detect the Presence of Snow

Band Wavelength (um) Spectrum

1 0.645 Visible

2 0.865 Near Infrared
4 0.555 Visible

6 1.640 Near Infrared

MODIS information from Riggs et al. (2006)

Thefirst of thethreerequirements$o detecsnowis the calculation of the
Normalized Difference Snow Index (NDSiatio

sove: SED WED 2:2
0 s e O

which considers thdifferencebetween the visible reflectance on the 0.a&b
wavelength (band 4) less the near infrared reflectance on thepir6d@velength
(band 6) all normalizedover the sum of these two reflectance valisl et al. 2001
and Riggs et al. 2006)ormalizing the differencéetween visible and near infrared
reflections help determine the presenoésnow in varying lightonditions
throughout the day.

The secondequirementlistinguishes water from snovt.checlsthe a ear
infraredsignalon the 0.85 wavelength (band 2). A reflectance greater than 0.11

indicates snowSmaller values indicate water.

GE® > 01116 2-3
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Thethird requirementhecks thaenoughvisible reflectancen the 0.555um

wavelength is availde to make a reading:
CEECU > 0.101 & 2-4

Thislast requirement, in other words, tests to make sure there is enough visible light
to make a dependable readwigsnow

The conjunabn of dl three requirementgequation®-2, 2-3, and2-4) form
thesnow mapping of th®MODIS snow and sea ig&lgorithm Theoretical Basis

Document (ABD) in practice(Hall et al. 2001)

0'OYO 04t | & GE®@ > 011fm & @EM > 0.10tm 2-5

Expanding2-5 in terms of bandgields

A ,m T er ,m
T ey ,m + v ,gB

041 I & @@ >011tm & ™ > 010tm 2-6

The accuracy of the snowapping algorithm varies with land coygrain sizeand

pollution. Hallet al.(2001) explainshat

.. .exclusive of clouds, the maximum, aggregated Northern Hemisphere
snowmapping error is expected to be about 7.5%. The error is expected to be
highest (around 910%) when snow covers the boreal forestgidy between

November and Agri

and thatensors detect snow best at solar noon. At this time, they are facing nadir

directly at the earth.
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2.2.2.2Snow Products

TheDistributed Active Archive Center (DAB) at theNational Snow and Ice Data
Center (NSIDC)rovides a welbasedservice for researchers doderMODIS snow
and ice data products (NSICZD0&). The NSIDC DAAC is one of aight DAACs
in the EOS Distribution System (EO$) sponsored by NAS. NSIDC DAAC
labek products according teensor satellit¢eitherTerra or AQuaand processing
information. The processing information of a product indicatesitite
spatiotemporal size (i.g. the amount of compositing)spadiatformatfor that
product.The sensor abbreviatioMOD andMYD representrespectively, MODIS
aboard Terra and MODIS aboard AqINSIDC 2006) Six processing information
abbreviations10_L2, 10A1, 10A2, 10C1, 10Cand10CM, indicate respectively, 5
minute 500m swaths, 500m sguidal grids composited daily, 500m sinusoidal grids
composited every eight dgyd.05 degree climate model grids (CMG) composited
daily, 0.05 degree CMGs composited every eight days, and 0.05 degree CMGs
composited monthly (NSIDC 2008a)wo satellites adh six kinds of processing yield
a total of 12 products. Of these 12 produstS|DC refers to the twewath products
(MOD10_L2 and MYD10_L2as Level o productsNSIDC builds Level o
products fronfundamentaMODIS reflectancalatag MODIS geolocatioratg and a
cloud mask using the ATB[Bection2.2.2.]). The remaininggridded products
compriselLevel Threewhich NSIDC builds fromLevel Twoproducts

All products are stored ithe EOSspecifiedhierarchadataformat (HDF)
called HDFEOS This means, in applicatiothatresarchers download product files

(also called ppduct granules in this context)h at h a v #Ble eatenfionFhB F 0
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National Center for @ercomputing Applications (NCSAynded by the National
Science Foundation (NSF) at the University of Illinois overseesinued
development of the HDF file formathe HDFEOSfile format stores spatial
information in three formats: swath, point, antigNSIDC distributes XML sidear
files with each HDFEOS granule that include metadata like database references,
contributing products, time references, orbit number, the time the granule was last
processed, and whether or not a gramukeheduled todreprocessed.

NSIDC advances products by reprocessing them baskdtbourrent
scientificresearctand NCSA updates tmakeHDF more manageahl®&SIDC
assigns a version number, synonymously called a collection number, to each
reprocessing initiative. Version five, tharrent versiornn the completion stages of
being processednproves on version four by, for examplesing a more
conservative clod maskadding fractional snow information tbe MOD10 L2
productsandthe MOD10AL1 products, makingroducts more manageable with new
HDF compression techniqueandrenderingpreview images$or eachgranule
Researchers have, in the past, found errodata collections. NSIDC, when
researchers correctly report processing errors, confirm the errors and temporarily
remove access to erreffected data to patch it. NSID&entuallydeletes outdated

collections.Table2-6 lists the characteristics of the Level 2, Collection Four product.
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Table 2-6. MODIS Snow and Ice Level Two , Collection Four Product Characteristics

Characteristic Value
Spatiotemporal Properties
Pixel Size (500 mY or 0.25 ki
Nominal Swath Coverage 2,000 km across track
1,354km along track
Scan Time 5-minute (1 Scene)
Contributing Products
Cloud MOD35_L2
Geolocation MODO03
Radiance MODO2HKM
MODO021KM
Pixel Categories (Snow_Cover SDS)
Missing Data 0
No Decision 1
Night 11
SnowFree 25
Lake 37
Ocean 39
Cloud 50
Lake Ice 100
Snow 200
Detector Saturated 254
Fill 255

Data from Riggs et al. (2006), applicable to both MOD10_L2 (Terra) and MYL10_L2 (Aqua)
products

Hall et al.(2001) describéhe Level ThreeCMG productscomposited every

eight daysand recommendfiemfor mostmodel confirmation experimenfpers.

com. 2006) because tifeir popularity, usabilityand the accessibility of data tools

built aroundthem Level Threeproducts are easy to use witth e N AIBFRAEDS

to GeoTIFF Conversion TOQHEG-TOOL) developed byraytheon Company

scripting libraries included with The Math

| nformation SolutionsEIDLnteractive Data La
Hall acknowledgeghatthe Level Threeeightday composit@eriodis an

arbitraryperiodin manyapplicatiors (pers. com. 2006 heLevel ThreeCMGs,

asg Ado not si mul ataet et hvee rpyr ewseelnlto A(rHatlilc 2cOl Oi
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Bromwich et al. 1994)Thecompositing proceghat NSIDC uses to createvel
Threeproducts, finally, marks pixels snegovered if the snow mapping algorithm
(Equation2-6) is satisfied for at least one pixel amongd@dlation-coincidentpixels
in acompositeperiod(Hall 2001) This means that the composite processsaap
pixel as snowcovered even if only one locati@oincident pixel withirthe
compositeperiodsatisfies the snow requiremenEg(ation2-6). Level Three
temporal conposites, therefore, are inadequate to confirm model regiudize model

periods are close to shorterthan theeightday measurement composite periods.

2.2.2.3Quality Assurance

NSIDC (2006 explains that Collectiondur, Level Twoproducts include layer

called fAiSnow Cover Pi x e lbiDadlityassurariceepodfpror t s an e
each point recorded by the MODIS sensor in the swathzBitsandonerepresent

the general quality of the produ@te first two bits, ti zero and bit one read right to

left, with values 0f{0,0] indicate noninal, usable quality. Valug®,1] (i.e. bit zero

eqguals one and bit one equals zénd)cate abnormal quality. Valug¢$,0] indicate

clouds, and valudd,1] indicate invalid data.

Y Various websites and literature use thewdrg u a | i t y atheswordiagnucael 0i tayn das s e s s me n t
interchangeably. This thesis uses the wigpahlity assuranceFurther, a quality assurance report

describes a mupoint layer ofd or multi-pixel layer ofd quality assurance eighit values in the

context of swaths and grids, whereas a quality assurance value describes a sindpi vaigietin the

context of a single coordinate or a single pixel.
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Abnormal quality, cloudy, and invaliceports indicate respective locations
were sensed both out of an acceptable 150 degree to 210 degree range and with an
observation coverage area limited to 20% of the potential coveragN&E2C
2006) The NSIDC doesotfurtherdifferentiate between these three quality
assurance labet abnormal quality, cloudy, and invali beyond thephysical
meaning inherent ithewordfi ¢ | ooDétganalyzed later in this thesisowever,
infer that MODISreports invalid locabns throughout the dagnd nightbut reports
abnormal locationpredominantlyduring the daylighj.

Bits two through seven detail supporting quality informatiBm three flags
measurements taken with broken (Adeado) de
measuements taken at sensor view angles greater than 45 degrees. Bit five flags
me asur e ment s highlg uncesasddand 6rradiancedalculations. Bit six
flags results given an undetermined cloud mask. Bit seven flags unusable sub
calculations. Bit eift is unused.

All other Collection FournonLevel Two snow coverage products include a
uni que ASpati al QA0 i nldkeeekTwonwshniocwh Cosv edrer i v e
Pi xel QA0 and r efgightiteTte firsttwobityeport tHe saime
general quality information reported in the first two bits oflteeel Twoproducts.

Bit three indicates a sensor azimuth angle between 150 degrees and 210 degrees. Bit
four indicates an observation coverage of more than 20% of the aeddyy the

product.Bits five through eight are unused.
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2.2.2.4Swath To Grid Conversion Tools

Many software tools exist taterpret and project MODIS snow data for mapping and
comparison purposeblost of these tools, however, read grid datly. Few tools
read and project data originally in the swath format, and of these tools, even fewer
work with the MOD10_L2product This section extends the literature review to a
software review of three swath to grid conversion tools
1. MODIS Swath To Grid ToolboxMS2GT)
NSIDC distributesa combination of C programs, IDL scripts, and Perl scripts
calledin a package calleblODIS Swath To Grid ToolboxMS2GT). NSIDC
makeMS2GT specifically for converting swaths to gri§SIDC 2003)
MS2GT requirements, however, excdldaccessible resources this
researchcomprehensivaccess to a UNIX platform with IDL and Level 1
MODIS dataNSIDC has only testeblS2GT on aSGI O2 workstation
(NSIDC 2003)
2. HDF-EOS to GeoTIFF Conversion Tool (HEGDOL)
HDF-EOS to GeoTIFF Conversion Tool (HEBDOL) converts most swath
files into grids. HEGTOOL converts and composites HIHOS products of
all levels from all eight DAACs. The general tool works especially well
compositing severdlevel Threegranules (likeMOD10C1) into a mosaic.
The conversion tool, however, works only intermittently witaLevel Two
data. It seems to fail, althougis study hasiot confirmed this, when

converting swath granules with a large amount eflata within bounds of an
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intereg area. In a batch conversion pro@ssnplemented using HEG
TOOLGs script i-NOPL oftenthats michooversionH E G
3. MODIS Reprojection Tool for Swath Data (MRT Swath)
The LandProces©AAC (LP DAAC) created th&1ODIS Reprojection Tool
(MRT) for Swath Cata (MRT Swath)The LP DAAC created the tool
especially for LP dataMRT Swath incorporateBelaunaytriangulation to
map swath points to cells. MRT Swath aimattempt to automate the
conversion process of MOD_10L2 and MYD10L2 prodwath bath
scripts,failed in situations similar tthose that failed witHEG-TOOL. MRT
Swathoftenhalts midconversionNeither HEGTOOL or MRT Swath
created files that were completely compatible with the projection descriptions

used by ArGIS Desktop.

2.3 DISTRIBUT ED M ODELS

~

ANo r eal advance will be made i f we con
on empirical relationships to represent

3 Vieux (2004)

Hydrologiss have long relied omodel concepts based on empirichtervatios,
such aghe unit hydrographand parameters that lunspatiotemporatarying
watershed characteristics into single values. Natiral Resources Conservation
Service(NRCS) approach for estimating rainfall runoff and channel routing(iglo
1972) exemplifies a lumpegarameter model. Soil group, impervious area, land

cover, hydrologic condition, and land use are all lumpedtivésingle NRCS curve
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number. A watershedveraged storage parameter is another example of a lumped
parameterLumped conceptual models, in general, asdled figrey-boxo (Abbot et al.
1996)modelsbecausehtey are not based on purely blamdx empirical relationships
yetthey do not fully account for selvatershed processeswhat Abbotet al.(1996)
call s fAwbhdels e boxo

Lumping concepts based on empirical observations of one type of watershed
(e.g. arelatively large watershed) into a particular parameter can lead to problems if
that parameter is useéd predict runofin a different type of watershed (e.g. a
relatively small watershed). Furtherc@anceptual model or modparameter
developed foone application could be usadanother application for the wrong
physical basis. As lumpegarameter models are scaled teatnthe needs of different
applications, the number of calibration parametersgcaw and the inteicorrelation
between calibration parameters can increase. Modelers, to compensate for these
problems, package applicatispecific calibration parameteasongsidematching,
applicationspecific runtime processes.

Remotely sensed measuremaragsuncoversubwatershed discrepancies
between observations and lumped simulati®ush measuremerdsive the need to
aggregate conceptual process modekr smalle areas and smaller time intervals
Modelsthat account for sulvatershed processase called distributechodels. The
levelto whicha model is distributed is subjective and discussed further in relation to
map comparisom Section2.4.1i The Sai nt Venant equations f

channel fl ow, Ri chardsd equations for unsa
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equation f or gre exampleswipartalrdiffdrent@al\e@quations used in
distributed modelingAbbot etal. 1996)

The traditional comparison between empirical (black box), lurgoedeptual
(grey box), and distributed physicalbased (white box) models can be misleading.
The common use of -deéhsee dvio ridrs di@rhbyisn ataildry wi t
idi st rsuppounts tlee daoct thaistributed models enable tdetailedsimulation
of physical processes and produce maps that are comparable to resanssy
measurement§h e wor d s -lfapetbhosveverarénbtgxclusive of lumped
conceptual models. Most models and model parameters have a physical basis,
including lumpeeparamegrs like the NRCS curve numbefor the reason in these
two points t he wor asquafioshh & & eed-tephageatihelwords
i phys-ba s inthgcomparison of suskhite modelswith black, empirical
ones

The vintage of the programming techniques employed by a modshdb
determine if it ismore lumped or more distributedo Efficiently create application
specific modules for timéested lumped programs, programmers compartmentalize
legacy procedural code into objemiented classe3hese classes can be used in
combimation with distributed process mode&tken, for example, disbuted
calibration data is unavailable. Using a combination of lumped concepts and
distributed concepts can, ideally, result in smaller errors of predisttbrmodest
gains in model complexityThese models are called sedistributed models.
TOPMODEL,which stands for Topographic Model, exemplifies serstributed

modek (Vieux 2004 and Bevin 1998ajlydrological Simulation Prograsxfortran
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(HSPF)i s another model that i ncorporates fAthe
empirical relations frominstrumet ed wat er shedso (USGS 2008)
modulesCritics of semtdistributed models like HSPpoint outthat there is a danger
in significantly increasing model complexity to a point whityiere are minimal
returns in increased model accuracy.
Theprocess of eating distributednodelshasrecently becomenorepractial
as a result of accessibility geospatial products, desktop GIS, and cheap computer
processing. Distributed models are now advanthegstate of the art. Abbot &t
(1996)conted t hat model s distributed in space ar
uncertainty in comparison toriypedparameter models. Abbot &t (1996) de this
advantage of distributed models over lumypadameter models in water resources
applications for irrigatio, erosion and land restoration, surface and ground water
pollution remediation, flood and drought control, maintenance of aquatic ecosystem
and climate change assessmént. n mount ai nous terrain, topo:
spatial variability makes distnitbed snowmelt mode[especially]attractived ( Co |l e e

2000).

2.3.1TOPLATS

Snowmelt simulations analyzed in this study were produced by a model of the
UKRW, built using TOPMODELBased LandAtmosphere Transfer Scheme
(TOPLATS). This study used TOPLATS becauseaswlready implemented in the
UKRW (Déry et al. 2004) and the inputds were available from the USDA

Agriculture Research Service (ARS) at the Hydrology and Remote Sensing Lab
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TOPLATS applies TOPMODEEurface wateprocesseg~amiglietti and Wood
1994ab) on acell-by-cell basisThe modelincorporates goili vegetatioi
atmosphere transfer (SVAT) schemmeimulatenearsurfacesoil column energy
balancesRetersLidard et al. 1997and models physical representations of moss,
snow, soil, and forest. Treow module divides snowpack into a thin surface layer
and a thick subsurface layer. The surfacgewlayer interactsvith the atmosphere
and the susurfacesnowlayer exchanges heat with tkeil. The forest module
discriminates between an understory andverstory.

Déry etal. (2004pddtwofi k ey t opogr aphi c inofddrect so t o
Afcapture sowBmeabt phgssmall proceaseffecs 0 t hat
of elevation on air temperatuamdthe effect of slope on radiation. Theyateview
the effect of an adiabatic lapse rate on the ambient air temperature with eldvation.
the effect of elevation on air temperatutesyreport that a difference of 5.58
persists between the highestint (1490 mabove sea leveand lowespaint (570 m
above sea levebf the watershethroughoutach model rurior the effect of slope
on radiation,TOPLATS calculates the position of the sun using the method
developed bysates (1980¢ombined with DEM data.

TOPLATS prediction results considtatime series of maps separated by
regular time intervaldDéry et al. (2004) use a 10 minute time interval and maps
projected inUTM Zone 6grid with a 131.34 m cell sizénitial conditions include the
beginning of season SWE (mm of waténputvariables include precipitation (mm),
relative humidity (%), temperature (°C), incoming solar radiation W/wind speed

(m/s), air pressure (mbar). Model parameters include the UKRW DEM (m) and snow
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albedo(a dimensionless ratio of reflected to incidenasoadiation) Of all
TOPLATS parameters, dy et al. (2004) conclude that DEM and the adiabatic lapse
rate of 6 °C / krhdrive model results.

Déry et al. (2004) review the possibility of confirming model resialthe
UKRW with MODIS measurements. They conclude that although MODIS
measurements could be reviewBt)DISme a s u r edmmonptogide the location
covered by snow within a single grid cell, nor the SWE contained in the snovwdcover
and At he p e eselcoudeimtioedArcte turing spring may also
compr omi se it swhitephp lasttewapbintd thdat MODIS does not
measure SWE and that clouds can block the neareadfradiation that MODIS
sense® are problems, the first poidt that measurenmts are not provided in grid
cellscan be overcome by either interpolating swath measurements into grid values or
interpolating model predictions into a sinusoidal projectjomthisthesis the former

is complete as described@hapter Threg

2.4 MAP COMPARISON

2.4.1Background

Analystsevaluatehe performanceapabilities ospatiotemporaimodelsby

comparing modetreatedmayps with measurements. Performance capabilities include
simulation accuracy and predication capabiltyaps consist of @int, line, polygn,
andpixel featureswhichdelineatespacesnto categoriege.g. snow, icesnowfree)

or continuous valuege.g.elevatior) space Maps withpoints (e.gwell locatiors) and

maps withlines (e.g. topographicontour$ that are relatively close togethand
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maps withpolygors (e.g. land usgnd maps witlpixels(e.g. snow coverthat are
relatively small, best describe physical processes that span relatively small areas and
take place in relatively small interest aseAnalyst callsuchmaps with high spatial
resolutionfihighly spatiallydistributeddo Changes in features or states in these maps
are illustrated by a series maps representing different tirhestime difference
between scenasdicates)ikewise, therelative degree of temporal distribution in a
map For composite map scenes, each created from several sequential scenes in time,
the time interval(s) encompassing the sequences defimeléige degree of
temporal resolutioriThe granularity of measurments available in an interest area
help modelers limit the physical procestes theychoose to simulatehen
formulatinga model Theincreasing resolutionf newermodel resultsin return,
defines need for developing sensors that capture images with higher resdudton
purposes otalibration and validatian

Error statistics indicate confidenceaobservediata The most relevardgrror
statisticsfor a data produdre ofterdistributedwithin that cata products
complementary series of magheMODIS L2 Collection Five produc¢tfor example,
includesquality assurancestimates for every coordinate measured in each swath
sceneSometimesnalysts need to deriweror informationfrom datathat is nd

necessarilyincluded in a product. For exampgeipplementaryneteorological

8 Analysts often use the word granularity, which means increasing spatial resolution, in context with
spatiotemporal data.
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measurementglevationmeasurementgnddetection baneéhformation can be used
to infer error in MODIS measurementheerror statisticsderived from
supplementary source&d theseare not necessarily reported in the same
measurement systeon coordinate systesasthe measurements themselves. For
instanceif thereis a high correlation betweea landuse feature and ersthat
patternmay be presented spatially as a polyganch masks many pixelf this
case, error ispatiallylumped Error maybe lumped temporally as welhe
continuous volatility of the stock markdor examplemay be lumped intodividual
variances that repsent periods of time between abrupt events like interest rate cuts.
An analogous example in hydrology is the lumping of error in a rainfatff model
into two periodsbefore channelization and after channelization.

The simplesprocesdor comparinga modeledmap with a measured map is to
lay them side by side and visually assess similarities and differences. When a time
series of maps need to be compared, the two series can be Isidiedoyt-sidein
chronological ordefThe comparison is easiest whte measured and modelataps
have a ondo-one relationkip. Models thereforeshouldideally be setup to simulate
conditionscorresponding to the timdise data in theneasured mapserecollected.
Additionally, all maps should be presented in the sapatialresolution and
coordinate systen@raphical software like GIS make this process of-biglside
comparisorsimple to executéAs the number of scenes increasdmweveryisual
comparisorbecomes increasgly onerousThe comparisorproblemprovokesthe
need to findgoodnesof-fit statistics thaguantitatively capture the similarities or

differences that visual inspection reveals. In addition, if map comparisons are to be
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used for model evaluationor cdibration, these statistics need to quantify the degree

of agreement between modeled and observed maps.

2.4.2 Spatial Comparison

Analysts need objective measures of agreement if they want to use distributed,
measured maps to evaluate the performandéestibuted, modeled maps. They
cannot rely on subjective visual comparisons between measurement images and
model output. This section describes theoretical tools that have been developed for
map spatial map comparison.

Calculating the change of a critemithat isspatialllumpedover an entire
interest area accounts for the independence of each scene with respect to time, but
ignores spatial processes within the interest area. For example, a comparison between
the observed and modeled decline of snoweoed area as a percentage of watershed
area during a melt season could indicate a good agreement in the overall decline of
snow. This comparison, however, does not confirm the correctnésoofeveal the
absence of needéd subwatershed processes iretmodel (The effect of local
elevation on the distribution of snow is an example of one of theseaaished
processe}Researchers using such a comparison exclusively could calibrate a model
to correctly predict the change irspatiallylumpedcoveraye for the wrong physical
reasons. Confirming model predictions of the decline of fuel in a wildfire is another
example in which agreement for a spatiallympedstatisticcould lead to the

oversight of smaidkcale, model failures.
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24.2.1Cohen 6 sStalstc p p a

C o h eKajipa goodnessf-fit statistic K (Cohen 1960 and, for a more abstract case,
Fleiss 1971)provideinsight into spatial agreement of feats@ale(e.g. pixelscale

or pointscale)physical processasithout tediously comparing model maps and

measured maps side by sidlehe st ati stic fAgives a quick ir
agreenent betweentwomagd t i s, more explicitdf-ft, Aan i
in comparison to a random situationodo i n wh

being compared are relocated at randblagen 2002)

Cohen (1960) popularized the Kappa statistic to measure the agreement
between two judges, categorizing single items in a series of trials. In this case, each
judge must place each item in each respedttigkinto one and only one of several
categories. Fleiss (1971) extended the comparison to include multiple judges.
AiSmeeton (1985) traces [Kappabds] history t
mapsof a categorical variable in a spatial comparisoraagogous to twgudges
considered by Co kerntidestpix€lsirpthpe &vo mapspareat i on
analogous to individudtials being categorized by the two judges.

Kappa varies from negative infinity to oridegativevalues of Kappand
Kappaequal tozerobothindicateno agreemenbetween two mapseyond what
would be expected in the randwefocationsituation. Increasingpositive values of
Kappa indicate increasirggreement between two mapspositive value of Kappa
close to zero indicates almogi agreement between two maps. A positive value of
Kappa close to one indicates a strong agreement between twolLiauaghis. and Koch

(A977)c a |l | negati ve voalamrd wdadl Keasp pfAr2adinp ozoer o t o
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intervals:fslighto (0 to 0.20) fifairo (0.21 to 0.40)fimoderaté (0.41 to 0.60),
fisubstantiad (0.61 to 0.80)a n élmdst perfeci(0.81 to 1).They call these labels
Aarbitraryo but Sifans &iitei(ROORinerespohsenta thik scaled
notethat Kappadecreasewith increasingcategories because acreasen
categories decreases the chance of agreement between twio thepsndom
relocation situation

For the simple comparison of twaster maps &andll with pixels exclusively
in any number of categorie§,0 h eKagpastatisticanswers théollowing question:
How well does the agreement betwearap landmap Ilcompareo the agreement
betweertheoretical mapd]l andlV; where the probabilitythatlocationcoincident
pixels inlll andlV assumeéhe same category equéte product othe following two
fractions:(a) the fraction of that category in majand(b) the fraction of that
category in mapl ? The remainder of this sectidartherdetails the calculation of
Kappaanddiscusses complementary statisffg®, Klocation, Kquantity all
explained by Pontius (200@ndKhisto derived by Hagen (2002)

The first step in making @uantitativecomparison betweesnmodel map and
a measured mamhich is also thdirst step in calculatingkappa isto calculate the

proportion ofagreementRA, betweerthetwo maps.

v GAQIRAADEO £60 0 £'AAH Q GRAUN ' E 0o
U0 = VAR = s L A v
CE OO ‘20 CEOUDE O XD €70 QL

For example,wo square maps, each wifiur-pixels and twecategoriegsnow or
snowfree) thatboth haveheir two leftsidepixels marked as snow attekeir two
right-sidepixels marked asnowfree have perfect agreemein. this example, there

are no errors of commission (a falsesitive detection of snow) and there are no
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errors of omission (&lsenegativemissing detection of snow). In the case that the
two left pixelsof the measured magre observed to be sneswvered, andhe model
mapshows the top two pixels as covered with snow, there is a 50% agreement: There
is an error of commission in the upper right cell, there is an error of omission in the
lower left cell, leaving two cells out of four (5086 the map in agreemat.

Calculatirg theproportion ofagreemenbetween two maps sheawow well
two maps agree on a pixiy-pixel basis. Success, however, is measured with the
assumption that ther@eathe same number of pixefer eachcategory betweereach
of thetwo maps being comparehis is not to sagach category has the same
number of pixels as every other categpliythere arean unequal number pixels of
a particularcategorybetween mapgshere can never be 100% agreemehis study
callsthis issug h enegtial category count limitation o fPA dorhparison.

The Kappa goodness of fit statistiddressethefiunequal category count
limitationo of thesimplePA calculationby comparingPA, for two given mapswith
the proportion ofexpectechgreemenbetween those two maps when the cells in those
two maps are rearranged.

06 00

y = — 2-8
V=71 790

where, given two maps used to calculfe PE is the proportion of expected
agreement between those two maps with a ranmgamangement of cells.

The calculation oPA andPE with a confusiormatrix, which tabulates the
probabilitiesof the joint distribution of altombinations ofliscretecategores in the
measured map and the modeled nexplains theéwo statistic further. The sum of

all the proportions in the confusion matripecause they are analogous to the
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probabilities in a joint distribution, equal orfégure2-9 showsthe confusion matrix
(boxed)for the abstract case with n categorigserow header cellend thecolumn
headercellscontain category labefs;, C,, € , C,. The rows correspond to mape
and the columnsorrespondo maptwo. The proportion otellsof C; in map one

with coincident cell®f C; in maptwo, p;, appear in the cell at rowandcolumnj.

For example,he proportiorof categorythree cellan map one with coincident
categoryfour cellsin map twowould be expressed asyjand appear in row three and
columnfour of the confusion matrix. The matrix diagonal contains proporadns
cells in whichmap categories agree. The matrix trace, therefore, equattahe
proporton of agreemen®A, between the two maps

00=d GEOIEGWD = N 2-9
1

In the calculation oPE, the sum of proportions in each rowf the confusion matrix
equask the proportion otategoryi cells inmap one These totals are expressediin a

n-by-one columrto the right of the confusion matrix.
h
W Nz
la= & 2-10
M-
in which pi+, for anycategoryi wherei = 1 . . .n, equals he proportionof cells
containing categoryin map one
5
o= Nmp=i06 Mo Me 8 e 2-11
1

Theproportion of categorycells in mapwo are similarly expressed incaeby-n

row below the confusion matriklap two prgortion totals are expressed as

48



Too= Nea Ne2 8 N 2-12

in whichpsj, for any categorywherej = 1 . . .n, equals lhe proportionof cells
containing categoryin maptwo:
M
. . . N2
N-q= Nap= 100 8 2-13
1
N:Q

These total proportion vectolsgpandl ¢ (Equation2-10 and2-12) are themarginal
probabilities of a joint distributionlhe product of théotal proportiorvectors, 1 .7

andl -, equalPE

r;nz
00=T.glg= M1 N2 8 Mg nfe 2-14
Ne-
where,eachindependenk component product
MTeafo 215

fork=1,2,€ ,n, represerstthe probability of agreement for categokyin every

combination of celpairsbetweend or, for random relocatioof cells ind mapone

and magwo. PE, thus, depends on the quantity of cells in each category in each map

PE does not depend on the lacat of cells within either map.

Comparing two fowpixel maps with two categori€ andC,, for instance, if
each map contains thr€g pixelsand oneC; pixel, there are nine pairs pixelsin
which both pixels are in categoC; andthere is one pair of pixels in which both
pixels are in categor§, out of sixteen possible pairs in a random situatRinin this

instance equald/16 (for C;) + 1/16 (forC;) = 10/16 =0.625.Replacinga C; pixel
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from map twowith a C; pixel doubles the probability @, pairsto 2/16in the
calculation ofPE, but lowers the probability @&, pairs from 9/16 to 6/16 and lowers

the overallPEto 2/16 (forC,) + 6/16 (forC,) = 8/16 = 0.5
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Map Two Categories

Map One
C, C. 8 Cn Totals 'l ¢
Cl r"|1l r"|12 8 I>]1‘s r‘]lz
Map One C2 I;121 I;122 8 h2é ﬁzz
Categories & 8 & E & &
Cn h‘s 1 h‘s 2 8 N:e h‘e z
Map Two Totals'l .o Ner N2 8 Mg 1

Figure 2-9. Generic Confusion Matrix.

The generic confusion matrix (boxed) can be used to calculate PA and PE for the abstract
case in which there are an unlimited number of categories in the maps being compared. PA
equals the trace of the matrix. PE equals the product of the total vectors: ||-|f = 1ozl 4.

Measured Map Categories
(true state)

Modeled Map
SnowFree Snow Totals,| ¢
.| Agreement of Type “. Er_ror Proportion
Ho: of Omission .
SnowFree . SnowFreein
SnowFree Ar (FalseNegative Modeled M
Modeled Map ea or Mis9 odeled Map
Categories
Ha: o:-g:%?nlmEi;rsci)(r)n Agreement of | Proportion Snow
Snow (False Positive SCA (Hit) in Modeled Map
Proportion Proportion
Measured Mafotals,1.o  SnowFreein Snowin 1

Measured Map Measured Map

Figure 2-10. Two-Category Confusion Matrix.

The two-category confusion matrix (boxed) shows four possible coincident-cell outcomes. In
this example, Hy equals the null hypothesis that indicates the model predicts that a cell is
snow-free. Hu is the alternative hypothesis that indicates that the model predicts that a cell is
show covered.
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2422Cohendés Kappa Statistic for Two C

Figure2-10 simplifies the generic confusion matixs ed i n Cohends cal cul
Kappa for multiple categorie&igure2-9) into a confusion matrix limited two
categoriessnowfreeand snowused in this thesigigure2-10 shows that the

calculation of Kappé#n this thesisan be thought adsn hypothesis tests, whene

equals the number of cells in two maps being compaditad studycalls each of

these hypdtesis tests a pixel test distinguish them from theverallevaluation of

agreement between two maps expressed by Kapgach pixel testhe null

hypothesigndicates the absence of snam@wfree) and he alternative hypothesis

indicates the detdon of snow

Ho: SnowFree 2-16

Ha: Snow 2.17
This studycalls the situation in which the model falsely indicates that snow is present
in a pixel tesa Type | error of commissiaonn other situationsJype | erors have
been called) e g; false alarrg, falsepositives, and p 0 d u ¢ e. Thisstudycalls k
the situation in which the model falsely indicates that snow is absent in a pixel test a
Typell error of omission Type Il erros have been callddl e g noredetectsor
mises falsenegativs, andonsumer 6s ri sk

The terms Aproducer r onykeanirgmldthdic ons umer

alternative hypothesis undesirablde.g. apollutedwater sample or a defective
produc). A producey in the case thanalternative hypothesis is undesirgldeuld
incur unnecessamgxpensege.g.extraneously increase quality control in an

acceptable systendue to a producer rislkA consumerin the cae thaianalternative
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hypothesis is undesirableould sufferworse,unexpected iteffects (e.g. sickness)

due to a consumer risha this thesidoth Type | and ¥pe Il errors are equally

undesirable. &se detection of snow is simply differenbt wose,than anon

detection of snowThis study therefore, avosith e t er ms fAproducer ri sk
fi ¢ o ns u méa&he calculagidn of Kappa, further, lumps bttpes oferrors into

PE (2-10, 2-12, and2-14). Isolating Type | and ype Il two errors could, however,

reveala systematidias in the model

2.4.2.3Kappa Variants

This studycannot solely rely oKappato compare two map&€ohen (1960) and
Pontius (2000yvarn that Kappa is best used only when thejtwigments of a trail
areindependentlynade Kappa, for examplegppropriatelyexplains a test of
agreement betwedwo biologists individually categorizing species of a random
samples of nematodesah isolated in separate PelishesIn this examplethere is
no known correlation between sampieshe judgesjudgments on a single sample
are made separately from each othethegenerakase of comparing model and
measurement maps, in contragskelsare spatially correlated and therefore they are
not independent. Pixels on a map, for examgule oftendependenbdn spatiapatterns
like elevation Researchemssing Kappa to compare mapisereforeshould
complement Kappa with additional informatidmoait modedependency, and model
ability to predictboth thequantityof pixelsin each category and thacation of

pixels

53



Pontius (2000) generalize28)ioohenods

. 00 UOmagawe . 00 00
V=—T">=~ V===~ 2-18
1 00 UL TS

wherePC (analogouso PEi n  C o happg égsalstke expected proportion of
correctly categorized coincident cells made by a mastelPP (analogoudo unity in
Co h e n 6 seqlals he expected proportion of correctly categoceidwhen
the model is perfeciThis generalization provides the foatidn todevelop Kappa
variants that account for situations in which modéisose categories based on

1. No

2. Medium

3. Perfect

ability to specify
1. The quantityor pixels in each category

2. The location of individual pixels

2.4.2.3.1Kno

Models withfino abilityd  ( P o n @) to sekect &tBebthe quantity of pixels in each
category or the location of individual pixels have a chancemtbldorrectlypredict

a categonat aspecificpixel. Kappa for no abilityKno (Pontius 20009 also called
Cror by Lantz & Nebenzahl in (1996), PABAK by Byet al.(1993) and random
coefficient (RCoy Maxwell (19970 exchange®C in thegeneralizedatalculation

of Kappa g-18) with this chancethata model pixel could havihecorrect category at

random 1/,
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2-19

where, nis the number of categorigddagen (2002) appropriately callsnin this case
the probabilityof agreemenexpectedy the modetlue to the random selection of a
categoryby the modelP(Ekc.

Pontius(2000)contend thatKno improvesKappa because it considers the
guantity of cells that could agree itampletelyrandom situationFigure2-11
illustratesthis point witha ninepixel comparisonn whichsnow rests irxactly one
cellin each maprhe strong agreement of sndiee pixels in thigigure2-11
produces a relatively highE=0.802% (2-8), but yieldsa misleadng negativeKappa
of -0.125%. Kno, comparatively only consilers the number of categorié# =

0.5000, yieldingarationally-positiveKno value of0.750.

Figure 2-11. Kno and Kappa comparison. (Kno = 0.7500) > (K =-0.8025)

Kno could be usefuin the case thainepair of mapsin a seriesnay have two
categories and anothpair of magsin the same serignight have three. All maps
reviewed byHagen in 2002and most maps in this study, however, do not have
varying categories. Theertinenceof Kno in these cases, therefore, diminishes to

K ¢vo 1 £ .. 1 520
no= —; = - V0 < -
e 1 e 1 e 1
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which has dinear dependency on the probability of agreemieAf despitethe
subjectivelymorerational positive and negative valu@sis dependency diminishes

the need to use Kno in an analysis whHefds already being used.

2.4.2.3.2Klocationand Khisto

Both Kappaandkn o iAnf ail to distinguish . . . bet we
error o0 (@ @oot(lowmasd ngyétiGevalues of Kappa and Kno, in other
words, do not explaiwhethera model has poorly predicted the quantity of pixels in
each category awhethera model haplacedthe correct quantity of pixels in the
wrong locations.
Klocation, introduced byPontius(2000)attempts to correct Kap@and Kno
by substitutingPP in the generalized calculation of KapagUation2-18) with the
maximum success rate of agreentéiat a model couldchieve in the situation in

which the number of pixels in each category predicted by that model does not change.

. 00 0O
Klocation = ~———— 2-21
Uacro VO
where
£
b= min(ig. o 222
1

Think of the calculation ol ¢, (2-22) in comparison to the calculation BE
(2-14). In the calculation oPE, theproductthe two map proportions f@aach
category are summeth the calculation ol i, alternatively, theninima of the two

proportions (one for each map) are sumntgg,, therefore is less than one except in
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the perfectguantity case in which the grortion of pixels in each category are equal
between maps.
Klocationrepors a lower agreement icomparison to the Kappa value when a
cell of one category is displacdtlocation, however, faildo consider the distance of
a displaced cell. For example,a mountain scene where it is known that snow is
present on the mountain tops, but not in the valleys, a comparison between actual and
simulated maps is made. In this example, Klocation will report identical values no
matter if a pixel falsely reportingiew coverage is found either on a peak or in a
valley. Despite this fallacy, Klocation is still valuable. It replaces the ideal 100%
agreement useor PP (2-18) in standardKappa calculatiori2-8) with arealistic
calculation for the maximum possbagreementy .
Kquantity, also introduced by Pontius (20@®ampts to correct Kapperrors
resulting from differences in thguantityof cells for each categy between two
di fferent maps. |t is Athe success due to
divided by the raximum possible success duateimulatio® s abi | i ty t o spec
guantity Hmpen2002)ce hm yumces the statistic as fi
reports, with personal agreement from the Pontius, that the statistic is unstable.
AMi nor changes in the maps cani headsé® whe!
the denominator of the calculation is close to zero.
Hagen introduces an alternative to Kquantity, named Khisto, which is used in
this study. It is called Khisto because it can be calculated the histograms of two

maps.
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. Gyge 0O
Khisto = 1—60 2.23

The product of Khisto and Klocation equals Kappa:

Osay, 0O 00 0O 06 00

Khisto ¢Klocation = - < — = = K
Isto ¢ ' 1 00 Usg 00 1 00 2-24

2.4.3Temporal Comparison

2.4.3.1Missing Data inPartially Obscured Scenes

Scalar statistics likeoSCAor basinaverageSWE summarize spatialgistributed
properties of a map scene for a point in tifdeasuring model performance by
comparing modeled and measured s@amnnstatistics ovea period of time (e.g.
comparing two SCA depletion curves) presents the problem of accounting for
uncertainty in partially obscured measured sceisle models prediatomplete
results and complementary summary statisieasors yiel incomplete
measurements. Satellite orbit limitatiodable2-3), for example, limiboth the
resolution andhefrequency of scendblat a sensor can measusmoke that
obscures the video camera mentioned irptiegiouswildfire example(described
2.4.2.), or cloudghatblock a remote sensing instrumeas shown in this study,
leavemeasured mapspatially incompleteSmoke and clouds are ortlyo possible
physical causes of whysensor cold tag a spatidieature with ano-datalabel

To compensate for missimatain measurement summary statistidse to
partially obscured scenes other sensor problemsne could report a likelyalue

based on either surrounding areas, surroundinges¢ertherspatiotemporal trends
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(The decrease @il moistureover time in a watershaliustrates a spatiotemporal
trend) Making educated guesskiee these, based on physicalationshipsaand past
observationscreats complete usable productdvakingtheseguesses in
measurementfhioweverdefeas thetheoretical basis of comparimipserved and
modeled dataafi s i mul at e d isre® axynworoeCreating aa artificial
measurement, based on the same physical theories used in a model that the
measurement is being compared to, can lead to artificially sedegoodnessf-fit
statistics.This problem reveals the need to calculate the uncertainty of a summary
statistic for individuameasuredcenesnot basedn external factors, biiased on
datafrom within the scene itself.

Many remotely sensed measurements, incluchagyMODIS productq0),
actuallyare compositedver time to fill in the gaps of éhmissing data from clouds
NSIDC, for example, composites sea and snow ice data over time MQbB&S
Level Threeproducs (Section2.2.2.3. NSIDC reports time intervals withevel
Threecomposite®d notonly themean poirdin timed so that analysts understand
the implicatiors of comparingmodel resultso compositaneasurements. When
compositeime intervalsare largecomparé to the time fophyscal processe®
occur (like snow blowmvernightby wind), those physical processhat occur oubf
sensing rangée.g. behind cloudspare missed. In the caséquick winterspring
snowmelt Q), which occurs in a matter of daysthe Upper Kuparuk_evel Three
MODIS datahides too much informatioinom analysts to makeasonable

judgmentsaboutphysical processes in models
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2.4.3.2Using Probability to Express Measunent Uncertainty

Brubakeret al.(2005) present a solution for comparing MODIS SCA measurements
and IMS SCAestimatedo surface station snogriowfreereportsacross the
continental United States while accounting fordata fieldsTheydevelopa single
triangleshad probability density functioPDF of %SCAfor each remotely
sensednap in a time series. Each Pbdies on the quantity of categorical data,
including missing data, exclusively from within its respective scéney plot the
PDFsona probabilitydensity(ordinate) versu%%SCA (abscissagxis

Brubaker et al(2005)usesnow cover informatiom cloud-free area®f each
sceneto estimatea possible range ahow cover for the entire scefdey assume
that themostlikely valueof %SCAIn a scene is proportional to thraction of the
cloudfree part of thescene which is snowovered

%SChs 60 am

0 o, = 2-25
#SChmm: = 70095 96CCA

In equatior2-25, all percentages are relative to the erdirene %SCAgmy;, IS the
likely estimate of %SCA relative to the entire scén8CAcoudfree IS thecloudfree
%SCArelative to theentire £ene %CCA is the percentage of cloudovered area
relative to theentire sceneand D0%i CCA% equals thgpercentage atloudfree
arearelative to thesntire scene

Themathematicallyminimum possible?eSCA equalsSCAcoudiree 1N this
hypotheticalcase, sow-freelandlies under theloud-coveredarea. The

mathematicallymaximumpossible2eSCA equal86SCAgougiree PlUs %CCA.IN this
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opposite casengw completely blankets thand under theloud-coveredarea.These

points define the triangular POdecauseheareaunder ay PDF equals unity

triangle base triangle height
( %SChst s e + %CCA  %SChsion om) PD%SCAam;)
1= max %SCA min %SCA
2

2-26

wherePD %SCAamy, €quals the probabilitgensityof the most likelypercentage of
snow cover over the entiseene Solving 2-26 for PD(%SCAgmy,) Yields

2

- 2-27
%CCA

Take,for examplea PDF foran areaneasured witl30% snow, 309snow
free,and 40%cloud-coveredshown inFigure2-12a. Solvingequation2-25 for the

most likely percentage of snow cover in this example yields

%SChary, =
0SCAmO = 750065 20% 2-28
= 50%

Solving equatior2-26 for the probabilitydensityof most likely percentage of snow

cover yields

= 0.05 2-29

PD %SCAmw = 755;
0

A congruentalculaton for snowfree land yields 0.05probability densityof likely
snowfreearea A second example, plotted igure2-12b, shows howhe ratio of

the same30% SCAused in the first exampte a reduce®0% snowfree areaaises
theoveralllikely %SCA.The apex %SCA in this case equals 6@#uation2-27)

and has a probabilitgensityof 0.04(equation2-29). In a final example, not shown,

the probability density of the likely %SCA in a map with 100% coverage approaches
infinity. In this case, the maximum and minimum %SCA equal the %SCA likely.
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Figure 2-12. Example Triangle Probability Density Functions

Example PDFs for two cases where %SCA equals 30% and (a) %CCA = 40% (b) %CCA =
50%. The likely %SCA in the cloud-covered area depends directly on the proportion of snow-
covered area in the cloud-free area. The likely %SCA in the cloud-covered area only depends
on the quantity of cells in that scene; it does not depend on the location of known values in
the scene or in scenes measured within a time period.

A generalized case of tiieangle PDF approach of estimating the most likely %SCA
under a clougtoveredareacanestimate the percentage of any category in an
unknownarea based on a knowrear It 5 aquantity-only, scenéandependent
approachThe method, in other words, estimat@sertaintyin obscuredareas
irrespectiveof the coveragén previous andubsequerdcenesUsing this method in

a comparison of modeled and measured ntapsgle PDFs of remotely sensed

%SCAcan be compared to model predictions of %SCA on a dogeene basis.
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CHAPTER 3: RESOURCES ANDMETHO DS

This chapterexplains the rationalfor selecting resourcgSection3.1), describes the
approach for comparing maffSection3.2), and lists procedusdor managing
measwued and modeled daf&ection3.3). Table3-1, adecompositiorof objectves
(Sectionl.3.1Preliminary Objective Resource Selectignl.3.2Map Comparison

Objectives, andSectionl.3.3Data Management Objectiyesutlinesthe methods

Table 3-1. Functional Decomposition of Objectives
1. Select resources
a. Select an interest area
i. Inthe cryosphere.
ii. Is subject to past analysis, including
1. Hydrologic study
2. Meteorological study
3. Other studies in the 7 USGCRP research areas listed in
fNeed & Problemo
iii. Has measurements available
iv. Has seasonal mechanisms
b. Select atime period
i. Over a seasonal event.
ii. Thatincludes an extreme event
iii. That has obtainable measured and modeled data
c. Select remotely sensed measurements
i. With enough temporal resolution to monitor the seasonal event
ii. With enough spatial granularity to see the impact of DEM
iii. That reports snow and ice
d. Select a model
i. That has all the objective properties of the measurements listed
above
ii. Thatis ideally available to modify
iii. That can be calibrated
iv. Thatideally has been validated in the past
2. Compare measured and modeled maps
a. Spatially, by
i. Statistical comparison, that accounts for
1. Proportion agreement
2. Location errors
3. Category errors
ii. Visual inspection
b. Temporally, by statistical comparison of independent scenes, for the entire
watershed and DEM zones
3. Manage data
Make measured data and model output compatible, by either
a. Converting measured data into the model format, or,
b. Converting model output into measured the measured format
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3.1 RESOURCE SELECTION

As introduced irl.3.1Preliminary Objective Resource Selectignthis study
selected the Upper Kuparuk River watershed (UKRW) for the interest area, an annual
snowmelt season for the time period, MODIS data for the measunts, and
TOPLATS to produce model results.

The interest area lies in tikeyospherein a mountainous region. The entire
Kupar uk ar e a ltihas thevlenigdst historyuofireseatch of ény basin
within Arctic Alaska, as both the Toolik Lake amdnavait Creek watersheds are part
of this systemd Ndlan2003).The area has glacial geology measuremeéntdier et
al. 2003), hydrological measurements (Kane and HinZ088, and meteorological
measurements (Karand HinzmarR009 all availabé onlire. Hinzman and Kane
(2009 provide hydrological and meteorological measurements during snowmelt.

For remotely sensed measuremetitis, studyselected MODIS.evel Two
products LANDSAT, and high resolution DEMNolan2003) measurements for their
online avdability and use in past researcherf et al. (2005havecompared the
MODIS measurements in this areaBLANDSAT measurements in the ar&ODIS
Level Twoproducts, although not as widely used or readily available to use in
existing software packagesstribe daily information compatéo the eight day
composites ievel Threeproducts.

The model, TOPLATSsimulates spatidieterogeneity in the snow and
considers interactions with environmental factors of interest to USGIG&&ding
vegetation andadiation from the sun. &y et al. (2004) showed that TOPLATS can

be used to model the UKRW with a time step as small as 10 mifitie$OPLATS
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model of the UKRW is set up to produasults in the same mask and the same
coordinate system defined balter et al. (2003)Only the snow cover module of
TOPLATS is investigated in this study. While TOPLATS was originally developed
on a bigendian UNIX platform, updates to the mo@®éction2.3.1) made by [Bry

et al. (2004)included modifying the code to enable it to run on a {ethelian

platform. This study modified the model again to enable it to run on the University of
Maryland UNIX system. These updates utzd mainly, updating file path,

updating the format of input fileandreverting byteswappingsubroutines that &y

et al. (2004) had last modifiebh all updates, special characters and character

encodings were considered.

3.2 MAP COMPARISON

This studyuseswo methodgo compare model and measumm maps. In the first
method the proportion of agreement (PA),0 h e n 6 s oolnegs pf atatigtic
(Section2.4.2.9) and Kappa variants$Sgction2.4.2.3 showthe agreement between
maps accounting for the quantity and location of pigategorized as eithenow
snowfree ornot available The second method compares model and measured
%SCAdepletion curvesvhere the quantity of categorized pixels in each independent
sceneareused to measure the uncertainty of MODIS %S(@A.inSection2.4.3.9.
Forboth methods, MODIS measurements and TOPLATS predictions need to
be put into comparable formalBOPLATS predicts SWE depths over grids of pixels
in UTM Zone 6 while MODIS reports arrayf categories codes, each corresponding

to a snow or sea ice feature, across point features in swath saénileghis study
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could have developed a procedure to convert TOPLATS grids to MO@ttparable
swathsthis studyinstead defined a way to conv&tODIS swaths into a TOPLATS
comparable grid formaThis studyselected the latter procedure because (a) it is
easier to visualize and analyze data in a grid format comhpageswath format and
(b) it would be hard to assiglODIS categories like lak&e, night, and ocean to
TOPLATS SWE values without updating the theoretical bafsise model and
modifying the model codd.he last part of this chaptksts thedata management
procedures used to make the model predictions and measurements comparable.
After completing thelata management procedutt@s study putMODIS
measuremertodesTable2-6) into groups Table3-2) where
1 T h évaitabled g r o u p pointa thdt havk dexen sucskaly idertified
by the sensaoas either snow, lake, ocean, lake ice, or snow.
1 Thdrofem g r o u ppointarepbriedlas sithdake ice or snow; a
subset of available measurements
1 T henoid ¢ risamgxclgive subset of the frozen group
1 Thegr oup INat Bwila®edcontainsmember pointshatMODIS has
not decidedlydentifiedor detectedThis groupalso includes points reported
by MODIS asfinightd andpoints for a given granulehich were outsid the
respective swath coverage
MODIS measurement grqs are independent qtiality assurancealues andatellite
detection angke For purposes of evaluating a pixel as either snowered or snow
freein map comparisqrthis study generalizash e wor d fisnowo to incl |

pixels including lake ice.
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Table 3-2. MODIS Measurement Groups

Group Members
Value Characteristic
Available 25 SnowFree
37 Lake
39 Ocean
100 Lake Ice
200 Snow
Frozen 100 Lake Ice
(called snow during map comparison) 200 Snow
Snow 200 Snow
Not Available 0 Missing Data
1 No Decision
11 Night
254 Detector Saturate
255 Fill
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3.2.1Spatial Comparison with Kappa and Kappa Variants

To compare MODIS and TOPLATS scentiss studycalculates PA, K, Kno,
Klocation, and Khist@ccording td-igure3-1 and evaluatgthe results according to
Table3-3. It also repodintermediate valueBn.xand PEThe criteria for interpreting
the strength of agreement of tkappastatistics inTable3-3 reflectsthe number of
categoriedeing compare@two, snow and snoviree, rather than a multiategorical
test), the Kappa evaluation scale developed by Landis and Koch (1977), and visual
comparison of mapsrhis scaleshould be revaluated by researchbet areseeking
to reprodue these methodfr a different location and/or for different categories.
This studyplots these statistics usingsat of MATLAB® comparisorscripts
(Appendix B that filter model results and projected measurements with the following
parameters: initial model albedo, SWE threshold, number of elevation zones,
elevation zongpercent available thresholhdtime of day Model input files define
theinitial model albedgparameterThe SWE thresholdarametedetermines the
minimumheight of snow at a particular pix@mulated by the model thttis study
canconsiderto besnowcovered.Thisthresholdenables this study to compa8®VE
predictionswith SCA measurementd he number of elevation zonearameter
determines the elevation boundaries between each elevation zone by dividing the
difference of the maximum elevationdathe minimum elevation into equal parts.
The elevation zonparametedetermines the elevation zone to report results for. The
percent available threshgihrametedetermines the scenes to include in the
comparison based on the percentage of cellsabtah where available means

reporting either snow or snefree, opposed to for example, clogdvered or missing
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0 inthe MODIS scenes. If the percent available threshold is set to 50%, for example,
than the comparison script only evaluates scenes irhvi@DIS reports at least
50% of the pixels within the scenes as either snow or gremv Scenes that report
more than 50% of cells as cloud ordata, in this exampler@aexcluded from the
comparison. The time of day input parameter determines thessieimelude based
on the time of day morning or eveningelative to solar noarin each comparison
this studyshows the effect of chnging each parameter

This thess provides an online tool to learn about Kegppa statistics for two
categoriesThis learning tool shows theffect of varying grid size on Kappa and

varying category assignments on Kagpmure3-2).

MODIS Map Categories

(measurement)
TOPLATS Map
SnowFree Snow Totals, | ¢
.| Agreement of Type ”. Er_ror Proportion
Ho: of Omission )
SnowFree ShowFree (False Negative ShowFree in
TOPLATS Area €9 TOPLATS Map
M or Miss)
ap
Categories -
Ha: ;I'ype | Error Agreement of Proportion
Snow| © Commls_s_lon SCA (Hit) Snow in
(False Positive) TOPLATS Map
Proportion Proportion
MODIS MapTotals, 1.9 SnowFree in Snow in 1

MODIS Map ~ MODIS Map

Figure 3-1. MODIS-TOPLATS Confusion Matrix.

The MODIS-TOPLATS confusion matrix (boxed) shows four possible coincident-cell
outcomes: Agreement of snow-free area (upper-left box), agreement of snow covered area
(lower-right box), error of commission where TOPLATS falsely predicts snow cover (upper-
left box), and an error of omission where TOPLATS predicts a snow-free area in an area that
MODIS reports to be snow covered (upper-right box).
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Table 3-3. Kappa and Kappa Variant Interpretation

Statistic Criteria AgreementStrength*

PA 0.00 None
0.017 0.40 Poor
0.417 0.60 Low

0.617 0.80 Moderate

0.817 0.90 Substantial
0.917 1.00 High
K, Klocation, Khisto <0.00 Poor
0.017 0.10 Slight
0.117 0.30 Low

0.317 0.60 Moderate

0.617 0.80 Substantial
0.8171 1.00 High

* Based on Landis and Koch (1977), adjusted for snow/snow-free categories and visual
inspection of snow cover maps in this particular study location.

Google i
D Interactive Map Comparison...

€ (& 1) o h ttp://terpconnect.umd.edu/~dchoy/thesis/Kappal#

Interactive Map Comparison

Experiment by clicking cells. The ohserved data is on the left. The model data is on the right. Also, try using a map with
one maore or gne less cell.

Kappa Statistic Report:

Agreement (pg): 8/10=0.8

Agreement of Omission: 6/10=0.6

Agreement of Commission (Hity 2/10=02

Type | Error of Commission (Miss). 1/10=0.1

Type Il Error of Omission: 1 /10 =01

Expected Agreement of Random Rearrangement; 0.58

Kappa: 0.5238 [v]

Figure 3-2. Interactive Map Comparison

Visit http://terpconnect.umd.edu/~dchoy/thesis/Kappa to interact with, and visually inspect,
Kappa statistics for two categories. See the effect of varying grid size on Kappa and varying
category assignments on Kappa.
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3.2.2Temporal Comparison

Varying the same parameters from the spatial compafsanitial model albedo,
SWE threshold, number of elevation zones, elevation zone, percent available
threshold, and time of da&y this studycompare MODIS and TOPLATS46SCA
degdetion curvesandevaluats the sensitivityof changing the percent available
threshold on the upper and lower limits\d®DIS uncertainty. In this comparison,
this studyrepors the most likely MODISoroportion of SCA, the minimum possible
proportion of MODISSCA, and the maximum possilpeoportion of MODISSCA In
probability distributionsFinally, this studyvisually compare TOPLATS

performanceo alogistic curve(death curve)
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3.3 DATA MANAGEMENT

3.3.1MeasuredData

Each MOD10_L2 and MYD10_L&wath needs to be converted into a projected grid
in order to compare TOPLAImModel reslts with MODIS measurement&fter this
studyfailed tobatchconvertseries oimeasurementssingMS2GT, HEGTOOL, and
MRT Swath(reviewed in2.2.2.4, and afteexploringlayers of swath information
using NCSAd6s HDFView (version ,his8jydy appl i ca
createdhe methodology to convert swaths to gridi.e conversion procedutauilds

on the theory and procedures documented by MS2GT,-HBGL, and MRT Swath
andproducegrids comparable to TOPLATS output described@ale2-2. This
studynames theprocedure Level Swath toTOPLATS Grid Toolfor the Upper
Kuparuk River Watershed and abbreviateas Swath to Kuparuk$2K). 2K creates
grids with the sameoordinate systefUTM Zone 6) used byValker(2003) and the
same cell size (131.34 m) used bgret al. (2004)S2K relies on MATLAB® to
convert swath points to grid cells and ESRI@I8to project, resample, and mask
the grids that MATLAB® createg¢ESRI has yet to functionally realibearsayplans

for nativelysupporting HDFEOSswathsin the ArcGIS application suitg S2K can

be modified to accommodate other watersheds by modifying interest area and
projection variablesncluding a watershed polygo82K could, for example, capture
measurements from nearlssearch areas like Toolik Lakéth minimal

modification.
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To complete th&2K procedurgéhe general data management procedure in
this studyadhersto the followinggeneral stepfor MOD10 L2 and MYD10_L2
swath sceneoverlappingtheinterest areaDownloadswaths, transform swath into
grids, and make grids comparable to model results. The remainder of this section

details this procedure.

3.3.1.1Download Swaths

The process of downloading swaths begins with queyiadNSIDCDAAC for
MOD10_L2 and MYD10_L2 measuremenis a webbased interfac@NSIDC

2008c) This query includes square bounding box in GCS coordinates (latitude and
longitude)and time periodA query with ©®ordinates bounding the watershady, as
expectedyields fewer granuleshan a query with coordinates bounding the entire
model interest aregCompareTable2-1 andTable2-2) The differencen the number

of granulesthe DAAC returnshowever, is not significant (e.g. <3% difference during
the 2005 wintesspring snow melt). It is practical, therefote conservatively select

the larger areto buildaquery.

Thetemporalcorrespondence betwetre winterspring snownelt and runoff
shown in hydrograph@escribed irBection2.1.2 guidesthe selection of the
snowmelttime periodin each queryFor each yeathis studyinitially selecs a time
period before the peak seasonal discharlps Bf %SCAversus timeeveal whether
or notaninitial time period inferred from hydrograpbaptuesthe melt period. In
the cae thatatime perioddoesnot overlap with the melt periodhis study modifies

the query perioth another trial Thistrial and error procesgpeatauntil it identifies
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a query that returns a time window in which the festeraldays of scenes shoat
least99% snow and icecovered (frozen) area and the last couple days of scenes
show at most 1% frozen arda.all queriesthis studyseelsto limit the number of
granules returned to limit download time and S2K processing time. If download time
and processing time could be executed one or two orders of magnitude faster
(through, for example, web-basedccontroller of aserverside processintgpol), the
overall process of downloading swattwild practically mitigate the trial and error
guery process by initially selecting three months of data instead of a few weeks of
data based on hydrograph pldtbe NSIDG in that veinprovides an optioto skip
night datain queriesThis studyalwaysexcludes night data fromeachquery. The
choicelimitsthe number o§ceneshat cannot be well evaluated by the snow
mapping algorithmZ-6) andhalvesprocessing time

Most queries run shy of one hour and require a persistent connection to the
internet to complete. After queries are compIBX¥8@AC web userspurchase granules
(currently fre@ via a shopping cart intex€e. NextNSIDC DAAC processes
compresseand makeswvailable the selected granules argTP connection The
time it takes NSIDC tprocesghe granules and copy them to an FTP locason
oftenshorter thara couple hours, bilhe processan take up toneday.This study
always request NSIDC to compress all requested granules (using zip compression;
HDF compressiois currently unavailableto limit the hard disk requirements for
each year of dat&xtracting 200 MB of compressed grantfiles yield about 5GB of
uncompressed informatioblsers therefore, need to chettkthere is enough

available diskspaceat atheir destinationdcatiors before uncompresyy the HDF
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files tothem At the end of each query execution, the DAAC providssramary of
search resultd his summaryconverted into a spreadsheet, kstepck ofthe scenes
selectedby a querySearch result summariesdditionally,ensurehatthe time

periots encompassing results of each query tnadrtap and therefore scena® not

overlooked.

3.3.1.2Transform Swathsto Grids

3.3.1.2.10verview

TheMATLABE scri pt 0 &ppendbad simulameousheamimated  (
directory ofHDF-EOSswaths in the GC8ndcreates a series of GCS ASCII files
formatted for ArcGI S. The script depends
i p ecessDuplicates.mNote that the scrigi a n i ma t e sl #Bsdsubroutines
fully utilize a singleprocessor antequireat least 2GB of memory to interpolate up
to 200 swaths in the UKRW. Without at least 2GB of memory, disk caching
operations excessly increase the time to complete the interpolation of the swaths.
If MATLAB® depletes all physical memory and s&plaginginformationto thehard
disk, break the script and run it again after movingHig- files that have been
already converted intorgew folder. Be sure to deletia this casethe lastASCII file
the scriptcreatedbecause that file is probably incompletée scripts instructs
MATLAB® , for each filein a userspecified directoryto:
1. Readdata Use theénherentMA T L ABE f u nfcitnifoon,,0 fthod r e ad

granule data into a MATLAB® structure.
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2. Extract thregyrids of pointsfrom the HDF MATLAB® structurento three
matrices
a. Snow categories
b. Latitudes
c. Longitudes
3. Assign latitude and longitude coordinates to each snow category point by
resamplindatitude grids and longitude grids téoid. This means finding 100
intermediate points (ten by ten) for every set of four latitude values and four
coincident longitude values forming four points.
4. Assign categories to duplicateordinate usinga modal decisioriexplained
further inSection3.3.1.2.3.
5. Fit an evenlyspatially-spaced grid to the surface defined by the three
duplicatefree snow categoryatitude, and longitude grids using Delaunay
triangulatonb ui |t i nto the MATLABE function fig

6. Write fitted datato an ASCII fileformatted for ArcGIS

Af ter AprocessDuplicat es logaalypefonns, fAani mat
another modal degion to make measurement categories more comparable to

TOPLATS categories byompositingall categoriedisted inTable3-2 into two

categories: snowandsndwr ee. The fAani mate _series. mo sc
perform this secondary processing so that studycan evaluate MODIS

measurement groupkater,during map comparisorBy not consolidating all

categories at this step, S2K could be readily modified to confirm results from
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distributed snowcover models that, unlike TOPLATS, account for categories like

waterand ice.

3.3.1.2.2Extract and Resample Location Grids

The snow category matrix, the latitude matrix, and the longitude maltimough
presented in the HDIEOS file agwo dimensionadgrids and visualized by
HDF View in a similar mannerare not regularly spacédthe GCS becaughe
MODIS sensarwhile inits sunsynchronous orbitollectsthese gridsn a10-minute
i | o fiylgyolf the pointswere regularly spacetiSIDC could replacéhe latitude
matrix and longitudematrixin the MODIS productvith relatively simple metata
containingthe position of dixed point (e.g. the top left corner aimap)anda pair of
values representirthe x and yspacing between points.

Theresolution of eacknow categorynatrix, additionally,is ten times finer
thanboth thelatitudematrix and the longitudenatrix. If, for example, a snow
category matrix contained 20 rows and 20 columns, then both corresponding location
matrices would contain two rows and two colurdns total of four cells in each
location matrix.The first (upper left) cell im snow category makrmaps to the first
cell in both the latitude atrix and the longitude matriXhetenth cell (tercells
below the first cell) in the snow matnmaps tahe second cell (directly below the
first cell) in the location matrices.

The fAani mate _serieso script creates

intermediatdongitude valuespaced evenly between original location valioes

enable a on#n-one matching of snow categorglues with location values. To do
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this, the scripinstructsMATLAB® to perform a bilineanterpolationon each

locationgridwi t h t he Ai nterp2o0 f uMAJUAB®n buil d i nt
executes thigterpolation processit he fAexmanduir(thdt i ne.

subroutine does not increase the spatial extent of g §hdfi e x panmdd_gr i d

subroutine, for examplexpands two cell by two cell square in an origimatrix

into aten cell by tercell squareEquation3-1 demonstreesthis exampldor acasen
whichtheoriginal cellsareexpanded by a factor of twather tharby a factor of ten.

anrea o oe 100 50
AAGEQ "W 2
100 50 *nee T

5 q GG

3-1
5 1

Equation3-1 greatlyexaggerates the actual expansion of GCS coordiaateshows
interpolated values in bal@he valuef neighboring cells in the latitude and
longitude mé&ices vary only slightlyif at all, comparé to the demonstration values
shown inequation3-1. Thedistancebetween originally spacddcationpoints
decreasebetween scenes #¥ MODIS sensoapproaches nadir in relation to the

UKRW as describechiFigure3-3.
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obtuse angle
more points

acute angle
fewer points

interest area

Figure 3-3 Effect of Satellite Angle on Sample Point Quantity

Assuming MODIS measures points at evenly spaced angles, the point density on the interest
area is the greatest when MODIS is close to nadir. The sample point density under the acute
angle (in red) is greatest on the left-hand side of the interest area and the smallest on the
right-hand side of the interest area. The sample point density under the obtuse angle (in blue)
is greatest at the center of the interest area and smallest at the edges of the interest area.

3.3.1.2.3Assign Categories to DuplicateoGrdinates

Given alimited floating point size for coordinate valudsefi e x panrmdo_gr i d
subroutinemay produce duplicate coordinates while creaitmgrmediatecoordinates

to match all snow category pointsn a gr anul e ..moT hseu bfimeoxeptainnde_ g r |
likely producegluplicate coordinates fropoints that arsensed by MODIS close to

nadir in comparison to coordinates that ielativelyfar aparton the earthThese

duplicate coordinates, further, may have conflicting snow categ@viesn duplicate

coordinate pointa | | share the same snow category, A
but one of the points from the surface. When duplicate coordinate points report

conflicting processDuplicatesango mrie@d acies t hese poin
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single point in the same locat with a snow category derived by a modal decision
algorithm.For an nsize sample fopoints with the same location
1. Eliminate L1BMissingDatgointsif there aregpoints withother values
2. Eliminate DetectorSaturated points and NoDecision pdititere ae points
with other values
3. Eliminate cloudobscured points if there are pointdtwother values
4. Eliminate night points if thee are points with other values
5. Determine the frequency of categories reported by the remaining.points
6. If there is a maximumategory frequencyreplace all duplicate points with a
single pointmarked with the maximum category frequency. If, otherwise,
there istaebBcameggryhe renftheted ng points
categories at random
S2K alerts the MATLAB® command wingoin the case it finds duplicate
coordinates. While running S2K, if many (e.g. 5%) duplicate coordinates are found,
consider modifying the procedure by increasing the floating point size of coordinate
variables. In this case, if the physical memory of @mmater limits increasing the
floating point size of coordinate variables, consider dividing the interest area up if the
interest area is large, or ignoring sroaver values at interpolated coordinates if the

interest area is small.

3.3.1.2.4Surface Fitting

After fiprocessDuplicatesmo det er mi nes t he snow category

coordinatesn the swath surface fani mat eSeri es. mdocationeat es al

80



grid from the swath surfacethe GCS | nput variables, that dar

at thebeginning of the script, desbe the evenly spaced surface

west = - 149.53; %lons
east= -149.10;

north = 68.67; %lats
south = 68.47;

west_to_east inc =.001;
south_to_north_inc = .001;

where thébounding variablessest , east , north , andsouth ) descrbe the UKRW

extent in the GC&nd he incrementsafest_to_east_inc and

south_to_north_inc ) describe the spacing between each point in the evenly spaced

gidf The MATLABE function fgriddata. mo perfor
populate the evenly spaceddywith categorical values from the swath surface

Categories are picked on aarest neighbdrasis Note thatvest to_east_inc and
south_to_north_inc values smaller than 0.001 cause i
unexpected, irrational results in which categalrivalues are averaged rather than

selected based on nearest neigtdaonpling. Delaunay triangulation is used by other
swathto-grid conversion tools like the LP DAAC MRT Swath ToB).( After

Afgriddata. mo fits each swath surface into
a final step, saves thegeds as ArcGIS compatible ASfiles and animates the

series on screen in the GCS.

3.3.1.3Make Grids @mparable tviodel Results

The third step in the S2K process begins withjgrting GCSWGS 1984)maps
created by M amoithaaodel prejemin sysesn Clarke 1968JTM

Zone 6 When an ArcMap user attempts to directly project an UKRW map from the
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GCS intothe model coordinate system and model extent, using for example an
AArcTool box 0 unexgeeaadlydshutssddowi@dorSpensatéor this
problem the Python scripfiascii2kuparuk.p§y i n s t AreGtStpmocedsdr,ealled
t h geopfiocessor to first project GCSmapsinto the Albers Equal Area Conic
coordinate systenand therto secondly project theaps from thequal area
coordinate system intithe modekoordinate systenfNote that ESRI makes the
intermediate coordinate system, Albers Equal A®eaic, a standard that is easily
available to ArcDesktop usefBhis coordinate system &vailableto useraunder the
hierarchy of labelsContinental, North American, Alaskafnhe Albers Equal Area
Conic system could be useful in confirming model resgenning larger arctic areas
like the entire Kuparuk River.

Il n a final step, Afascii 2kuparuko masks
system with a watershed raster defined by a cell size and extent comparable to

TOPLATS output

gp.extent = "390862.8 597414.74 418181.52 627228.92"
gp.cellSize = "131.34"

where the valugsn order,0 f gp.efitent 0 define minimum easting, minimum

northing, maximum easting, and maximum northing valaks meters. The

par amepkeSice, ,0 def i nes heimask 334 M, whichzgualo f t
the cell size output by TOPLATShe mask is simply eectangulagrid in the model

projection systendefiningthe extent of the interest aré&atershed pixels in the

mask report unity while all other pixels repaéero (reclassed from null values)
Oncearanulei s masked, fAascii2kuparuko saves it

comparison to the model.
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Define GCS to Equal Area
oo B cos B eauaiarea B ovioce B sk (B St
Projection Conic System

Figure 3-4 Python Sc r i m@dcii2kufparukdb Pr ocesses
The pyt hoascii2skcur pi apirisiylicisithe geoprocessor to transforms GCS grids
created by fAani mate_series.moO into raster images tt

Figure3-4dchart s t hscikkupae sk ol per f orms on each
order to reproduce this procedure ArcMap users setsiip their workspace; they
must
1. Add the fAascii2kuparuk. pyo script to th
toolbox
2. Obtain the SpatlaAnalyst extension and sttte Spatial Analysbptions to
match the extent of the mask
a. top:627228.92
b. left: 390862.8
c. right:418181.52
d. bottom:597414.74
3. Setthe cell sizevariables in the Spatial Analysptions (accessible in ArcMap
via SpatialAnalystA Options > Cell Size Tab) and the environment settings
(accessible via Tools meru OptionsA Geoprocessing Tady Environment
Settings Buttonjo:
a. Cell size: 131.34
b. Number of rows: 227

c. Number of columns: 208
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Warning: nly rastemultiplicationwill correcly mask the watershed for an
individualgranuleThe AExt r act b glterNaivelkconsistemtiyma n d
produces awoffset errorand, sometimes, produces maps with a number of cells
incomparable with model outpukhis is why this process doesnottise e A Ext r act

by Maskod command.

3.3.2Model Calibration

Theentiremodeling process consistsrabdelconceptualizationmnodelformulation,
preliminary applicationmnodelcalibration, andnodelconfirmation This thesis

focused on developing tools for the model calibration and confirmation steps. The
conceptualization, formulation and preliminary application steps had already been
accomplished by thdSDA ARS at the Hydrology and Remote Sensing Laéry[t

al. 2004). The calibration processes in this study sought to determine whether the map
comparison methods would be sensitive to changes made in model parameters and
therefore useful in setting the values of model parameters that cannot be directly
measuredThe process includes determinitiig winterspringmelt time period from

MODIS measurements
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CHAPTER 4: RESULTS AND DISCUSSION

Chapter Foupresents MODIS measurements independent of TOPLrA3dts(4.1),

presentsesults fromrunningTOPLATS with three different albedo valuasd

varying the SWE threshol@d.2), andpresentsfinally, map comparison results to

show how well MODIS confirms TOPLAT@!.3). Chapter Foulimits its discussion

of implications of ede result to their effects on stepgesented ilChapter Three

(including evaluationof statistics viarable3-3), while Chapter Fivessummarizesll

results, critiqueshe methodsand suggests future woikote: Throughout Chapter

Four and Chapter Fiveinless lake ice is specifically mentioned, snefens to both

members of the MODI S measuiableB2dtlakgr oup Afr

iceand sow.

4.1 MEASUREMENTS

This studyneed to downloadand reviewMODIS meaurements before running
TOPLATS because model input parameters depend on the asprieg melt period
revealecby MODIS. Additionally, the quality assurance of MODIS measurements
determina the usability of individual scenes in model confirmatidhis ®ction

shows measurement resuttsm this review exclusivef model resultslt shows

swath plots and griglots of MODIS snow coverloud cover, quality assurance, and
other categorical data throughout the S2K procedeseribed irSection3.3.1 It
shows the effeadf observatiortime during the daythe effect ofcloud coverage, and
the effect ofelevationon snow covemeasurementd.heresultsin this sectiorreveal

ambiguitiesn MODIS measurementsindultimately aidthis studyin selecing a set
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of observationshatthis studybelievesarec | o s egsotind truthd This studyuses
theseobservation® the ones thahis studyhasthe mostonfidence ind for both
selecting the times to get model resultSaction 4.2 and confirming model results

via map comparison iSection4.3.Probability quantifies h i s w@ntettaihty 6fs
measurements at each scene through the trishglged probability density function
described irSection2.4.3.2 Plots of %SCA versus time of dagdplots of %SCA
versus day of the year, along with plots of supporting quality assurance information
like cloud coverage and like overall quality, support qualitative explanaiifdhss

s t u donfwence inndividual MODIS scenego confirm model redts.

4.1.1DAAC Query Results

Given that the peak annual discharge of the UKRW usually occurs shortly after the
winter-spring snow melt in the UKRW, as explained in SecBdn2, the peak

winter-spring discharges shown in the UKRW hydrographs for years 2000, 2001, and

2002 Figure2-5) gui ded the ti me paueriestcodhe NIIDC t hi s st
DAAC. Figure4-1 shows final results of the trial and error process described in

Section3.3.1.1of downloading granules and plotting %SCA versus day of the year in
relationship to the these hydrographs. Notice that the %SCA-datee4-1 shows

many, unrealistically rapid (within time intervals of less than one day) melt and

accumulation periods during the course of an overall melt period confined by a

smooth, logistieshapedupper envelope.
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Figure 4-1 Hydrograph Relationship to %SCA for years 2000, 2001, 2002

The beginning of the winter-spring melt in the UKRW occurs within ten days prior to the peak
winter-spring discharge in each of the years, 2000, 2002, and 2002, shown. The %SCA
series shows results of each scene returned by the DAAC from the day-time query,
irrespective of cloud coverage, day of year, measurement quality, or any other scene-
excluding factor. %SCA in this plot is calculated over the watershed area, not the model

bounding box. See MATLABE scripts fcompare_calcul at

reproduce these figure.
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The reason whifigure4-1 reports an unrealistic result, is because the figure
shows %SCA results irrespective of the following filters (a) supporting quality
assurance information (Secti@rR.2.3, (b) collection time information (besides night
time), (c) elevation information, and (d) satellite. This unfilteré68SCA series only
considers categories listedTiable3-2 and the decision to request only daytime
granules from the DAACTable3-2 categories plus the daytime querygfl@ven
though they yield the overall unrealistic %SCA serieBigure4-1, do sufficiently
indicate a rough (plus or minus a few days) time period to narrow collection of model
input parameters and perform map comparigegure4-1 indicaes that model
confirmation for the wintespring snowmelt depends on model results between day
150 and day 165 in the year 2000, day 145 and day 165 in the year 2001, and day 135
and day 150 in the year 2008ppendix Gshows the MATLAB® script,
Aipl ot _hydrographs. mo, which shifts the hyd
local time into coordinated universal time (UTC) and plots results with MODIS snow
cover.

All MODIS scenes can be viewed using the application at

http://choy.me/david/research/thesis/filter.piynere MODIS maps can be sorted by

the filters described ifable4-1. The application colors unavailable pixels, including

“"The word Aunfiltered, o when exclusively describing
results in this study, refers ta scenes corresponding to the measurement times described in this
passage. AFilteredd scenes, alternatively, refer tc¢

Table4-1 lists most of these filters.
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cloud-covered pixels, grey; it colors snow blue; and it colors sfriee/land brown.
Complete sets of unfiltered MODIS snow cover siappport their unrealistic %SCA
series counterparts fromgure4-1. The unfiltered maps show patches of snow cover
that appear and disappear from one scene toetkte The maps suggest that either
physical factors like wind possibly moved snow across the watershed between
measurement times, or that the snow cover observations do not fully consider the
impact of supporting quality assurance informafiorsuch as a loken detector

band, an obtuse sensing angle, an uncertain radiance calculation, or clouds (Section
2.2.2.3. Chapter Five suggests additional factors, not necssampletely inherent

to HDFEOS quality assurance information, that could contribute to

measuremergrror.

Table 4-1. Scene Filters

View http://choy.me/david/research/thesis/filter.php to apply these filters on MODIS data in
the TOPLATS model system where each cell has a side length of 131.34 meters. Grey cells
represent clouds, blue cells represent snow, and brown cells represent snow-free land.

Filter Description / Values
Temporal
Year All (2000, 2001, 2002)
2000
2001
2002
Day of Year Range Time since the beginning of a year in decimal day:
Time of Day All (Morning and evening)
Morning (Near solar noon)
Evening (Near night)
Sequence Number Rank of a map among all unfiltered maps for a yes
Spatial
Quality Rage Proportion of good quality swath points in a GCS

bounding box
Proportion Available Range Proportion of snowcovered or snoviree pixels
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4.1.2Influence of Availability, Collection Time, and Quality
Assurance Filters on Measurement Uncertainty

While the unfiltered maps seem to indicate patches of snow moving from one scene
to the next in short time intervals (under one gagje-composite maps afounts of

SCA pixelsover the entire melt period of each year, showhkigure4-2, indicate

that snow consistently persists the longest during the melt perioch#iblts in the

lower eleationzoneg(Figure4-3) across all three years evaluatéte color of each
pixel in thisfigure represents the numlbsgrscenes in a series that show that pixel
covered with snowk-igure4-2a does not provide clear results compdogFigure

4-2b because clouds and invalid data influeneeptiots shown ifrigure4-2a while
Figure4-2b considers three filters: 90%ailable coverage, 50% or greater quality of
points, and the morning time period (close to solar noon) times.

Figure4-4, Figure4-5, andFigure4-6 showsets of filtered scenes from
respective years 2000, 2001, and 2002. Each set contains images that start with close
to 100% likely SCA and end in none. The filter selections in eacleséthigures
maximize the useful information for each ydarFigure4-4, nine sequential morning
scenes from year 2000 between noon (UTC) at day 151 and the emdid4reveal
unavailable pixels, resulting from mainly clouds, obscure the melt win@banging
the morning filter to an evening filter in this figure reveals a sevtgsh include a
similar amount of cloud coverage and likely, rdetected pointsThes evening
scenegan be viewedby adjustingrigure4-4 at the website location specified in the

caption of tlis figure.
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a. All Scenes b. Filtered Scenes
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Figure 4-2 Sum of Snow-Covered Pixels Across Unfiltered and Filtered Melt Series

Brightness-normalized plots of the sum of the number of pixels where snow lasts during a

melt series indicates either the location of possible physical features that should be

considered by a model to limit snow melt, or the location of features that limit MODIS from

correctly sensing snow. In the UKRW, clouds and poor quality measurements confuse the

plots derived from the unfiltered scenes (a). The plots derived from the filtered scenes (b),

however, clearly show two areas flanking the river path where snow lasts the longest. Maps

are shown in the model coordinate system where southing and easting units are pixels widths

of 131.34 m. See MATLABE script fAplot_cumul ative_sc
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Figure 4-3 UKRW Elevation Zones

Elevations equally spaced at 736.4 m (minimum elevation), 925.4 m, 1,114.3 m, 1,303.3 m
and 1,492.2 m (maximum elevation) above sea level bound four 189.0 m elevation zones in
the UKRW. In the 131.34 m model grid (Table 2-2), zone one covers 3,015 pixels (52.01
km?), zone two covers 4,173 pixels (71.99 km?), zone three covers 1,184 pixels (20.42 km?)
and zone four covers 185 pixels (3.191 km?). Note that easting and southing units are pixel

widths in the model grid. Se e MA T L A B Elevationszones. md t o reproduce

and see a side views of the watershed elevation zones.

’
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Figure4-5 shows nine sequential morning scenes from year 200ébetday
151 and day 159 with 0.40 or greater proportion of good quality swath .pinese
scenes represent theginning of the melt period inferred frdamgure4-1, which
appears to last from day 150 to 160. The middle of the melt period, occurring
between day 154 through day 157, is absent from these filtered rBsultsy this
time, in the middle othe melt periodthe proportion of good quality swath points
falls below 0.40The figurereveat a strong correlation between the proportion of
points available in the scene and the quality asse information. Changing the
time-of-day filter parameteto evening yields nine scenes with unavailable
information, blanketing theeries Evening scenemay be viewedby adjustingrigure
4-5 at the website location spéed in the caption of this figure.

Figure4-6 shows fifteen sequential morning scenes with a proportion of
guality swath points greater that 0.50 between day 138land46during the year
2002 The year 2002 contains more available coverage with higher quality
measurements during the melt peribdn either the year 2000 or the year 2001
Unlike the series shown iRigure4-4 for theyear 2000, this figure shows no cloud
coverage. Unlikeheseries shown ifrigure4-5 for theyear 2001, this figure contains
scenes that amoreevenly sampledcross timeluring the melt period\otice that
all of the scenes in this figure have 100% available covevdgeh means the
estimate of uncertainty in these measurements due to unavailable pixels liskeero.
Figure4-4 andFigure4-5, adjustFigure4-6 at the website location specified in the

caption of the figure.
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Morning
p'c'n.'ailable=0'99
Psc A=0.97
Pee=0-13

2000 Day 151 at 21:35

Morning
pavailable=0'60
Psc A=0.57
p_=0.32

ga

2000 Day 152 at 22:20

Morning
pavailable=0‘33
Psc A=0.1 0
pqa=0.00

2000 Day 153 at 23:00

Morning Morning
pa\.failable=‘I .00 pa\.failable=0'01
pSCA=1 .00 pSCA=1 .00

Pga=0-53 Pa=0.00

2000 Day 151 at 23:15 2000 Day 152 at 20:40
Morning Morning
pavailable=0'00 p‘c't\.failable=c)"I 8
pSCA=NaN pSCA=1.00
p..=0.00 p..=0.00
ga ga

2000 Day 152 at 23:55 2000 Day 153 at 21:25
Morning Morning
r“a\.failal:ale=0‘46 r“a\.failal:ale=0‘35
Psc A=0.00 Psc A=0.00
p..=0.00 p..=0.00
ga ga

2000 Day 154 at 00:40 2000 Day 154 at 20:30

Figure 4-4 2000 Select MODIS Scenes

Blue = snow; brown = snow-free; grey = unavailable data, including cloud.

Unavailable data, caused predominantly by cloud coverage, obscures the most important
scenes during the 2000 melt period. This figure shows morning scenes during the melt
period. See evening scenes, which include a similar amount of cloud coverage and likely,
mis-detected points by adjusting this figure at
http://choy.me/david/research/thesis/filter.php?Y=2000&Tmin=151.5&Tmax=154.9&M=Morni

Nng&Omin=0.00&0max=1.00&Amin=0.00&Amax=1&Nmin=1.00&Nmax=500&go=Submit.
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2001 Day 157 at 22:45
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Pgoa=0.71
Pa=0:69

2001 Day 153 at 21:30
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Psc A=0.46
Pye=0-60

2001 Day 154 at 22:15
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pa\.railable=1 .00

P =000
Pa=0-70

2001 Day 158 at 20:10

Figure 4-5 2001 Select MODIS Scenes
Blue = snow; brown = snow-free; grey = unavailable data, including cloud.

Morning scenes with 0.40 or greater proportion of good quality swath points show the
beginning of the melt period inferred from Figure 4-1, which appears to last from day 150 to
160. The middle of the melt period, between day 154 through day 157, is absent from these
filtered results. At these times the proportion of good quality swath points falls below 0.40.

Adjust this figure at

Morning

pavailable=1 .00

Pg=0.80
Pga=070

2001 Day 153 at 23:10

Morning

pavailable=1 .00
Psc A=0.62
Pye=0-47

2001 Day 154 at 23:50

Morning

pavailable=1 .00

Pg =006
Pa=0-88

2001 Day 158 at 21:50

http://choy.me/david/research/thesis/filter.php?Y=2001&Tmin=151&Tmax=158.91&M=Mornin

g&0Omin=0.4&0max=1.00&Amin=0.00&Amax=1&Nmin=1.00&Nmax=500&go=Submit.
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Figure 4-6 2002 Select MODIS Scenes
Blue = snow; brown = snow-free; grey = unavailable data, including cloud.
Continued on the next page, the fifteen 2002 morning images with a proportion of good

quality swath points greater than 0.50 shows more clear information than the images from

Pavailable™

Psca

2002 Day 140 at 23:00

pavai lable

Psca

2002 Day 142 at 21:10

Pavailable ™
Psca

2002 Day 143 at 20:15

Morning
=1.00

=0.86
Pga=0-58

Morning
=1.00

=0.32
Pa=063

Morning
=1.00

=0.00
Pea=078

previous two years. Unlike year 2000, this figure shows no cloud coverage. Unlike year 2001,
this figure contains scenes that are evenly sampled during the melt period. View more at
http://choy.me/david/research/thesis/filter.php?Y=2002&Tmin=138&Tmax=145.85&M=Mornin

g&0min=0.5&0max=1&Amin=0.00&Amax=1&Nmin=1.00&Nmax=500&go=Submit.
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Figure 4-6 2002 Select MODIS Scenes Continued from Previous Page
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Extending the time periods Figure4-4, Figure4-5, andFigure4-6 to days
both before andftertheir respective melt periods reveal some scenef#vathigh
data availability, but unrealistic coverage. MODIS reports near complete SCA, for
example, on day 144 of the year 2000 and almost no SGKAedncal evening of day
145 at 525 UTC The sensor, subsequently, reports almost 100% SCA later in the
day after a period of low availability due to cloud coverdde timethata given
measurement was collected explains the poor quality of this,soshenany others
like it. Figure4-7, Figure4-8, andFigure4-9 showtheeffect of measurement time
andquality on SCAfor all the unfiltered scenes from 2000, 2001, and 2082.first
plot in each of these figures (&)ows the proportion of four suppiog quality
assurance measures at each swath poopped by the model area in tGéobal
Coordinate SystefGCS) The second plot in each of these figures (b) shows the data
from data on an hourly basis in relationship to sunset, sunrise, and solaiThesa
plots define two measurement time peri@smorning, which is close to solar noon
and evening, which extends past sunBké third plot in each of these figures (c)
summarizes plot a, plot b, and SCA reportse Targer, bluer, circles these pbts
represent increasing proportions of good quality swathtpdilote that the evening
datain the second plot of each figureludes night scenes even thowdhthe
DAAC queriesin this studyincluded the request to ignore night d&eeFigure4-7
for this description of the tbe plots specific to year 2000.

The 2000 data ikigure4-7 shows MODIS collected the highest quality
measurements (> 0.90) before and after the three daysabfsnow melt. During the

melt, almost all the scenes with 50% or higher quality assurance are morning scenes.
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Figure4-8 shows 2001 data in the same types of plots describdédume4-7. Figure

4-8a shows a high proportion of abnormal quality points during the melt period which
are reflected by the gray areagrigure4-4 maps.Figure4-8b shows that while

MODIS reports the highest cloud coverage after sunset, it also reports many good
qudity points. Thiscould suggeghat MODIS could mistake lowt ground for

clouds after sunset. In each day duringldeginningof the melt shown ifrigure

4-8c, the points that déeate from the upper SCA envelope the most are all evening
points. The quality of these points, however range from 0% good quality points to
over 50% good quality points. The scenes on day 148 and 149 with the lowest SCA
and mediurmgood quality, for exampléoth occur in the eveninghese points

therefore areprobablyinvalid due to poor measurement capabilities of MODIS in the
evening.

Figure4-6a, which plots supporting quality assurance information versus the
time of year2002 shows the proportion of good quality points scattered across the
month of May starting on day 121. Abnornpaints are also scattered over the
month. The proportion of cloud obscured points remains consistently below 0.3 or
over 0.9 with the exception of four outliers, half of which contain mostly invalid
points of data among the remaining cloud free poirtte. ther two outliers contain
mostly good points of data among remaining cloud free pdtigsre4-6a shows
that the fourteen scenes with a proportion of invalichgsagreater than 0.01 all occur
before day 133 with the exception of one scene occurring on day 139 with a
proportion of invalid points under 0.05. The apparent drop off of invalid points later

in the month cannot easily be explained by this figure aleigeire4-6b showshere

99



are exactlyl7 scenes in the morning set afidscenes in the evening set. Looking at
the proportion of quality assurance informatiorfrigure4-6b in relationship to

apparent sunset, the set of data collected later in the evening includes many invalid
points after sunset between hour seven and hour nide BAsed on the apparent
associatiorbetween invalid points and time after apparent sunset, the drop off of the
proportion of invalid points on day 13@nexplained byFigure4-6a along may be

due to DAAC results successfully limiting night scesstingon day 133. 4s0,in
theevening periogdthe median of the good quality points in the model interest area
above 0.10 at night is higher than the median of all other proportions of good quality
points above 0.10. In other words, at night, MODIS reports that measurements are
either very pooquality or very high quality. There is no proportion of good quality
points between 0.20 and 0.80 at night #nsl study hasot found an explanation for

this result in the literaturdhis studyc a n , however, attribute
pointsandinces e of #fAinvalid pointsod at night
light. The evening points, in summary, contain less trustworthy information based on
the night scenes with a high proportion of invalid points. Fintily frequency of the
proportionof cloud-coveredpointsin the model area during the morning tinaesl

the evening times comparedThere are no points in the morning time interval with
more than a 0.05 proportion of cloud coverage while every hour in the evening time
interval has aleast one scene with a 0.15 proportion of cloud coveBaged on

both these observations and conclusions made by Hall(20al) (Section2.2.2.)),

the map corparison in this study usdise set of measurement scenes captured in the

morninginstead ofet of measurement scenes captured ieteaing.
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Given the results described above, and the availability of TOPLATS input
parameters for 2000, 2001, and 2002,rdmainder of this studgiscusseshe
morning scenes for the year 20@2d focuses in particular, on thiéered
observationsn Figure4-6. Of the three years digssedthis study hashe most
confidencean themeasurements from tlyear 2002. The MODIS data from the year
2000 contains too many invalid scerfegyure4-4 andFigure4-7). Data from 2001
does not contain any scenes in the middle third of the melt p&litthugh scenes
like the one on dag43at20:15in 2002shown inFigure4-6 look out of place in
context with the two filtered scenes occurring before and afteeiyaimber of
available (including cloudree) scenes in the year 2002rauhbers the available
scenes in the other two yeaf$fie 2002 measurements show two adqersistent
snow, that get progressively smal{Eigure4-2b andFigure4-6) more clearly thaimn
2000and2001.MODIS observations fatheyear 2002thereforecan most

appropriatelybe used to evaluataodel output
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Figure 4-7 Year 2000 Quality Assurance, Collection Time, and Proportion SCA

MODIS reports four supporting quality assurance measures at each swath point. Figure 4-7a
shows the proportion of each of these measures in every scene cropped by the model area in
the GCS. Figure 4-7b shows the data from Figure 4-7a on an hourly basis in relationship to
sunset, sunrise, and solar noon. The plot defines two measurement time periods 8 morning,
which is close to solar noon and evening, which extends past sunset. Figure 4-7c combines
Figure 4-7a, Figure 4-7b, and SCA reports. In Figure 4-7c¢, the larger, bluer, circles represent

increasing proportions of good quality swath points within a model area scene. Figure 4-7a
and Figure 4-7c share the same x-axis scale and range.

Good quality scenes during the year 2000 melt are almost all morning scenes. Read more
about this figure in Section 4.1.2.
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Figure 4-8. Year 2001 Quality Assurance, Collection Time, and Proportion SCA

This figure shows 2001 data in the same types of plots described in Figure 4-7. This study
suspects evening points, like one with the medium-good quality but no SCA during the
beginning of the melt on day 148, report invalid information due to the poor ability of MODIS
to detect snow at times of the day far from solar noon. Section 4.1.2 analyzes this figure
further.
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Figure 4-9. Year 2002 Quality Assurance, Collection Time, and Proportion SCA

This figure shows 2002 data in the same types of plots described in Figure 4-8. Section 4.1.2
analyzes this figure further.



Figure4-10 plots the minimum, likely, and maximum proportion SCA values
that define the triangishaped probability density (PD) distributions described in
Section2.4.3.2 Plots are shown for (a) all scenes, (b) all morning scenes, and (c) all
morning scenes with a 0.50 or greater proportion of good quality swath points. The
figure reinforces the conclusion that a combination of measurement availability,
collection time information, and supporting quality assurance information determines
the overall usefulness of a series of measurements. The black circles in each scene
represat the most likely proportion of SCA and the black lines represent the
probability distribution. The red x points represtmleast likely proportion of SCA
and the green cross points represent the maxiproportion of SCA. In cloudree
scenes with 10 availability, the maximum and minimum proportion of SCA values
are equalFigure4-10 marks these scenes with overlapping red x points and green +
points; but for drity, does not include black PDF lines which would extend infinitely
on the PD axis. Additionallyigure4-10 hides the black PDF lines for scenes with
100% unavailkle (in-part cloud obscured) pixels. The figure does show, however,
the opposing minimum (0) and maximum (1) proportion of SCA values for these
scenes. The PDF lines in these scenes, if they were shown, would form the apex of a
triangle at a PD equal toghd at a proportion of SCA equal to 0.50, making the
figure hard to read.

Figure4-11show the proportion of SCA for all morning scerfégure4-12
shows the proportion of SCA for only morning scenes with a 0.50 or greater
proportion of good quality swath pointSigure4-10). Bothe figures show SCA for

the whole watershed and each elevation zone. The plots show more scatter in the
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higher elevation zones. The scatter, however, is likely due to the smaller sample sizes.
(Figure4-3 explains that @ane one cover3,015 pixelszone two covers 4,173 pixels,

zone three covers 1,184 pixedsid zone four covers 185 pixels.)
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Figure 4-10a. All Scenes
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Figure 4-10b. Morning Scenes
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Figure 4-10c. Morning Scenes with a 0.50 or Greater Proportion of Good Quality Points

Figure 4-10. 2000 Probability as a Measure of Uncertainty

Probability density (PD) plots indicate increasing certainty of measurements from (a) all
scenes to (b) morning scenes to (¢) morning scenes with a 0.50 or greater proportion of good
quality swath points. In each figure, the black lines represent the triangular proportion of SCA
distribution, the red x points represent the minimum proportion of SCA and the green cross
points represent the maximum proportion of SCA. The black circles represent the most likely
proportion of SCA for scenes with any available points or scenes where the maximum
proportion of SCA does not equal the minimum proportion of SCA.
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Figure 4-11. 2002 Morning Scenes Across The UKRW and Four Elevation Zones

The proportion minimum, likely, and maximum SCA shown in Figure 4-10b are plotted for (a)
the entire watershed and four elevation zones (b-e). Only, and all, morning scenes are
shown.
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Figure 4-12. 2002 Morning Scenes with a Proportion of 0.50 or Greater Good Quality
Swath Points Across The UKRW and Four Elevation Zones

The proportion minimum, likely, and maximum SCA shown in Figure 4-10c are plotted for (a)
the entire watershed and four elevation zones (b-e). Only, and all, morning scenes with a
proportion of 0.50 or greater good quality swath points are shown.
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4.2 MODEL SNow M APS

The USDA ARS at the Hydrology and Remote Sensing Lab helped pdfferm
model rungo provide this study witinodel output maps at selected times
corresponding tthe MODIS scenesTwo parameters, in addition to DEM and
adiabatic lapse rate (discussedertion2.3.1), drive model %SCA results: (a) the
snow albedo, measured a percentage of light reflected by the snow surface, and (b)
the SWE thresholdyhichindicates the minimum millimeters of SWE to cules a
model cell snowcovered.The modepredicts acontinuous SWE value each pixel,
whereasMODIS snow or snowfree categoriesin order to make a comparison
between thesmeasuresanewparameted SWEthresholdd definesthe value of
SWE at anodelpixel where thapixel is considered snow covered.

In asensitivity study wherenow albedwaries between trialshemodel
produced two simulated SWE mdips each trial an overstory map and an
understory maprhis study usethe sum of theverstory SWE and thandestory
SWE. Raising the snow albetingthens the melt period by causthg snow to
reflect more, andbsorb lessof the incomingenergy. In somérials, raising the snow
albedo ledTOPLATSto irrationally simulatesnow accumulatioduring the melt
period

Sectiond.2.1discusses TOPLATS results independent of MODIS
measuremestand independent of any SWHteshold. It maps three TOPLATS
scenes corresponding to the select 2002 scened-igure4-6, and shows the effect

of elevation on SWE resulis the model Sectiord.2.3showsthe effect of three
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SWE thresholds on SWE results in conjunction with MODIS SCA resihs

sectiononly discusses results frothe year 2002.

4.2.1Snow Water Equivalent

Figure4-13shows TOPLATS SWHnapsfor snow albedo values of s, 0.80, and
0.85 for the (a) first, (b) middle (seventh), and (c) last scene of the select 2002
MODIS scenes shown ifrigure4-6. Figure4-14, Figure4-15, Figure4-16, Figure
4-17, andFigure4-18 show SWE mean§WE standard deviations, and box plots
grouped by day for the entire watershed aach of four elevation zones during the
2002 melt period.

Figure4-13 shows the effect of elevation on model results. Snow in the higher
elevation zones, framed IBygure4-3, depletesnost quickly The whitest areas i
both Figure4-13b for a 0.80 albedo arfeigure4-13c for a 0.85 albedshow that
snow remains the longest along the river paihure4-13 alsoindicates the model
with the 0.80 albedo, withut consideration to 8WE threshold, best predicts the
2002 MODIS measurements because the other two scenarios show complete snow
melt on day 142 (albedo = 0.75) and incomplete snow depletion at the end of the melt
period (albedo = 0.85)The mean watershed SWE ahaily SWE boxplots shown in

Figure4-14 confirmthis result
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Figure 4-13 Select TOPLATS SWE Scenes for Albedo Values 0.75, 0.80, and 0.85
(a) On day 138, TOPLATS blankets each watershed with snow. (b) On day 142, the 0.75
albedo watershed has no snow and the 0.80 watershed has very little snow. (c) On day
151, after the measured melt, TOPLATS shows snow on the 0.85 map. Southing and
easting coordinates reference the model coordinate system and interest area. Figure 4-6
shows respective MODIS scenes.
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(a) 8,557 SWE pixel values averaged over the watershed versus time confirm that the time
for snow to melt increases with albedo. (b) The slope of the standard deviation of SWE for all
pixels increases with albedo. (c) Box and whisker plots grouped by day show that the
distribution is skewed with a relatively long tail below the twenty-fifth percentile. For each box,
me d i abox emalodes pommts
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whisker lines outside the box are the tenth and ninetieth percentile.)
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Figure 4-15 TOPLATS Zone One SWE (3,015 pixels)

Zone one pixels have the lowest elevation and reach the farthest north compared to the other
two zones. (a) 3,015 zone one SWE pixel values start higher and end lower than the
watershed SWE values for an albedo of 0.85. (b) Standard deviation values are lower than
those for the entire watershed. (c) The range of SWE at each day in zone one is smaller than
that shown in the entire watershed. See Section 4.2.1 for further analysis.
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Figure 4-16 TOPLATS Zone Two SWE (4,173 pixels)

4,173 zone two SWE pixel values are overall lower than zone one values. The shorter melt
causes the standard deviation values for the 0.80 albedo simulation and 0.85 albedo

simulation to rise above standard deviation values in the zone one simulation.
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