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Abstract

This research investigates the effect of lakes on late winter Snow Water Equivalent 

(SWE) and snow depth estimations on the North Slope of Alaska. Time-invariant and 

temporal sub-grid variability is assessed through the comparison of brightness 

temperature evolutions for three grid cells with varying lake fraction. Two new stepwise 

regression-derived algorithms to estimate SWE and snow depth using brightness 

temperatures and lake fractions, and two new algorithms to estimate lake fraction using 

brightness temperatures from SSM/I and AMSR-E are presented. Evaluation of various 

goodness-of-fit metrics display strengths and weaknesses of each algorithm. The 

methods employed in this study result in improved estimation with R2 values of 0.202 for 

SWE and 0.292 for snow depth. The two lake fraction estimation algorithms resulted in 

R2 values of 0.509 and 0.738 for SSM/I and AMSR-E, respectively. This study shows 

that spectral gradient methods utilizing the 19-37 GHz channel difference are not suitable 

for Alaska North Slope. Lakes were determined to have a strong effect on SWE and 

snow depth estimation. Inclusion of local lake fraction yielded improvements in 

performance.
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Chapter 1 Introduction

1.1 Overview

Snow is the most variable surface cover feature on the Earth, (Foster, Sun et al. 2005) 

ranging from 46.5x106 km2 in January to 3.8x106 km2 in August (Engen, Guneriussen et 

al. 2004). Snow is a sensitive indicator of climate variability (Cohen 1994; Nghiem and 

Tsai 2001; Comiso, Cavalieri et al. 2003), and directly affects climate on regional and 

global scales through its high albedo and low thermal conductivity (Hall, Sturm et al. 

1991; Liston and Sturm 2002; Foster, Sun et al. 2004). Snowmelt is a principal factor in 

overall freshwater input to oceans, and is a vital freshwater resource, contributing over 

70% of total water resources to the western United States (Chang, Kelly et al. 2005). 

Snow depth and snow water equivalent (SWE) are critical factors affecting water 

resource management - impacting health, agriculture, disaster planning, hydroelectric 

power generation, and recreation, among many others (Koenig and Forster 2004; Chang, 

Kelly et al. 2005).

Historically, humans at spatially distributed meteorological stations have performed snow 

monitoring (Hall, Sturm et al. 1991). Traveling to remote sites in harsh winter conditions 

through sparsely populated areas makes direct human measurement of snow packs 

difficult and expensive (Sturm and Liston 2003), and is not feasible as an operational 

monitoring strategy over large regions. In recent times, spacebome remote sensing has 

become a viable method for frequently observing large and remote areas of the Earth 

(Foster, Sun et al. 2005).

Since solar emission is high and terrestrial emission is low at visible and near-infrared 

wavelengths, solar effects dominate observations of the Earth's surface, especially during 

winter at high latitudes. Observations at visible and near-infrared wavelengths are 

therefore sensitive to many factors, such as low sun angle, persistent cloud cover and 

long periods of darkness. Alternatively, microwave remote sensing alleviates many of 

these difficulties. Since solar emission is low and terrestrial emission is high at
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microwave wavelengths, thermal and emissive effects dominate observations of the 

Earth's surface. Thus, observations at microwave wavelengths are not dependent on solar 

illumination, and can be made in total darkness. Furthermore, microwave radiation only 

interacts with atmospheric moisture in narrow spectral bands, which allows some 

observations to be made regardless of weather conditions (see Figure 1.1). For snow 

studies, the most important attribute of microwave radiation is its ability to propagate 

through the snow pack, albeit with some frequency dependent interaction.

In the use of spacebome remote sensing of snow cover, it is desirable to obtain three 

main parameters: snow extent, snow depth and SWE. Snow extent is easily observable at 

visible and near-infrared wavelengths because of the strong albedo contrast between 

snow covered and bare ground (Kelly and Chang 2003). This has become a mature 

process, and many operational snow extent products are available, though persistent 

cloud cover, short days and low sun angles hinder these products. However, SWE and 

snow depth are nearly impossible to measure with visible and infrared imagery because 

much of the electromagnetic radiation at these wavelengths does not penetrate more than 

a few millimeters into the snow pack, obscuring the subsurface conditions.

Numerous studies have shown that SWE estimation is possible from spacebome 

microwave radiometers (Foster, Rango et al. 1980; Chang, Foster et al. 1987; Tedesco, 

Pulliainen et al. 2004). Passive microwave radiometers have several advantages, 

including daily global coverage of the polar regions and observations unhindered by 

darkness or cloud cover. Passive microwave radiometers have some disadvantages as 

well, mainly coarse, frequency dependent spatial resolution. Further, passive microwave 

radiometers do not produce square pixels, but rather elongated rectangles, which are the 

projection of a square on the curved surface of the earth. Data from these sensors are 

resampled and interpolated to 50km-by-50km, 25km-by-25km and 12.5km-by-12.5km 

square grids in a variety of projections and formats. In this investigation, a semantic 

distinction is made between the terms "pixel” and “grid cell”. Pixels are the raw digital 

number (DN) values recorded by the passive microwave radiometer, and have frequency-
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dependent shapes and dimensions. Grid cells are the fundamental elements of images 

after preprocessing and interpolation to a common reference grid. This is merely a 

nomenclature distinction made for comparison purposes here.

Figure 1.1. Spectral response of water and atmospheric oxygen at microwave 
frequencies, a) Computed spectra for water and gaseous oxygen at sea level and 290 K. 
b) Microwave absorption due to atmospheric gases. Solid lines are theoretical values, 
dots are measurements (Ulaby, Moore et al. 1981).

1.2 Passive microwave radiometer sensors

Passive microwave radiometers have traditionally been used in meteorological research 

for measuring parameters such as sea surface temperature, wind speed, atmospheric 

liquid water and water vapor. Radiometers are generally launched aboard satellites as 

one instrument in a suite of instruments that have other purposes. Modem sensors
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employ rotating reflectors to reflect upwelling microwave radiances into feedhoms that 

contain the actual radiometers. The satellite platforms for most radiometers orbit in polar 

orbits designed to give global coverage on a daily or twice-daily basis (see Table 1.1).

1.2.1 Electrically Scanned Microwave Radiometer (ESMR)

Launched in 1972 aboard the NOAA Nimbus-5 satellite, the Electrically Scanned 

Microwave Radiometer was the first successful launch of a passive microwave imaging 

radiometer. It was originally intended to observe rainfall rates, though the evolving 

motive after launch was observing sea ice coverage. ESMR operated a single, 

horizontally polarized channel at 19 GHz, using a phased-array antenna to achieve the 

across-track scan. A later version of ESMR flew on the Nimbus-6 satellite and observed 

horizontally polarized microwave radiation at 37 GHz. These two sensors formed the 

basis of future passive microwave radiometer missions.

Analysis of the ESMR images of ice sheets in Greenland and Antarctica revealed large 

variations in brightness temperature which did not correlate with physical surface kinetic 

temperature variations. Further observations showed that these variations arose from 

emissivity changes in the snow pack and were indicative of snow pack conditions, mean 

annual temperatures and ice sheet melting effects (Hall, Chang et al. 1986).

1.2.2 Scanning Multichannel Microwave Radiometer (SMMR)

In 1978, the Scanning Multichannel Microwave Radiometer (SMMR) instrument was 

launched aboard the Nimbus-7 satellite. The SMMR instrument was a passive 

microwave radiometer measuring orthogonally polarized microwave brightness 

temperatures at 6.63 GHz, 10.69 GHz, 18.0 GHz, 21.0 GHz and 37.0 GHz frequencies.

This instrument extended the capabilities of ESMR, and also expanded the design scope. 

It was intended to observe ocean parameters such as sea surface temperatures, low 

altitude winds, water vapor and cloud liquid water content during all weather conditions.
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1.2.3 Special Sensor Microwave Imager (SSM/I)

SMMR’s successor is the Special Sensor Microwave Imager (SSM/I) instrument flown 

aboard Defense Meteorological Satellite Program (DMSP) missions since 1987, when 

SMMR was phased out. SSM/I is a seven-channel, four frequency, orthogonally- 

polarized (except for the 22 GHz channel), passive microwave radiometer system which 

measures microwave brightness temperatures at 19.35 GHz, 22.235 GHz, 37.0 GHz and

85.5 GHz. SSM/I is still an active program, and is still acquiring data (Figure 1.2). This 

instrument is primarily designed to support US Department of Defense operations, and 

data are released to the scientific community as a by-product. Many of the same 

parameters included in the SMMR design scope are valid for SSM/I as well.

Figure 1.2. SSM/I brightness temperature image of northern hemisphere, polar 
stereographic projection. The horizontally polarized 19 GHz, 37 GHz and 85 GHz 
channels are coded as red, green and blue, respectively. This image was acquired on 
1/1/2006.
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1.2.4 Advanced Microwave Scanning Radiometer-EOS (AMSR-E)

The Advanced Microwave Scanning Radiometer-EOS (AMSR-E) is the newest 

radiometer of this type, with channels that are designed to complement and extend 

previous missions, with higher spatial resolution than past missions. AMSR-E was 

launched aboard the Aqua satellite in 2002 as part of NASA’s Earth Observing System 

program (Figure 1.3). Like the previous missions, it is orthogonally-polarized and is 

sensitive to microwave radiation at 6.9 GHz, 10.7 GHz, 18.7 GHz, 23.8 GHz, 36.5 GHz, 

and 89.0 GHz. AMSR-E complements both SMMR and SSM/I in that it contains the low 

frequency channels that were present on SMMR but not on SSM/I, and contains the high 

frequency channel that was present on SSM/I but not on SMMR. AMSR-E also has the 

advantage of increased spatial resolution over previous sensors.

Figure 1.3. AMSR-E brightness temperature image of northern hemisphere, polar 
stereographic projection. The horizontally polarized 18 GHz, 37 GHz and 89 GHz 
channels are coded as red, green and blue, respectively. This image was acquired on 
1/1/2006.
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Table 1.1 Comparison of satellite passive microwave sensors. The pixel sizes 
acquired from orbit are later reprocessed (interpolated) into the Polar 
Stereographic grid at 12.5km, 25km and 50km sizes. _______ ________

ESMR Frequency (GHz) 19

Nimbus 5 Wavelength (cm) 1.6

12/12/1972
to

12/31/1976
Pixel Size

32km
X

32km
ESMR Frequency (GHz) 37

Nimbus 6 Wavelength (cm) 0.8

9/12/1975
to

9/15/1976
Pixel Size

32km
X

32km
SMMR Frequency (GHz) 6.63 10.69 18 21 37

Nimbus 7 Wavelength (cm) 4.5 2.8 1.7 1.4 0.8

10/25/1978
to

8/20/1987
Pixel size

148km
X

95km

91km
X

59km

55km
X

41km

46km
X

30km

27km
X

18km
SSM/I Frequency (GHz) 19 37 22 85

DMSP 
F08, F10, 
FI 1, F13, 
F14.F15

6/19/1987 
to present

Wavelength (cm) 1.6 0.8 1.4 0.4

Pixel size
70km

X

45km

60km
X

40km

38km
X

30km

16km
X

14km

AMSR-E Frequency (GHz) 6.9 10.7 18.7 23.8 36.5 89

Terra Wavelength (cm) 4.3 2.8 1.6 1.3 0.8 0.3

12/12/1972 
to present Pixel size

75km
X

43km

51km
X

29km

27km
X

16km

32km
X

18km

14km 
x 8km

6km x 
4km
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1.3 Microwave remote sensing o f snow cover

After the launch of the Nimbus-7 satellites containing the SMMR sensor, it was proposed 

that there could be potential data applications outside of the original SMMR design 

scope. One of these potential applications was monitoring snow cover. Knowledge of 

the radiative transfer properties of snow allowed the refinement of snow parameter 

extraction, and led to the first spectral differencing algorithm produced by Chang et al. 

(1987).

1.3.1 SWE and snow depth estimation physical basis

The physical basis for SWE estimation via passive microwave radiometry results from a 

scattering differential in the snow pack. Radiation emitted by the Earth’s surface 

propagates through the snow pack and is modified in response to snow pack properties, 

particularly grain size (Foster, Barton et al. 2000). Microwave radiation at frequencies 

above 20 to 25 GHz is strongly Mie scattered by snow grains, while radiation at lower 

frequencies is relatively unaffected (Foster, Sun et al. 2005) (Figure 1.4). Therefore, 

brightness temperatures for higher frequencies are reduced while lower frequencies 

remain constant (Chang, Foster et al. 1987). This effect is proportional to the number of 

scatterers in the emission path, which, assuming a particular grain size and snow density, 

is also proportional to SWE (Hall, Chang et al. 1986).
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Figure 1.4. Simplified illustration of scattering differential. 37 GHz radiation is Mie 
scattered because it is above the 25 GHz scattering threshold. The 19 GHz channel is 
relatively unaffected. This scattering differential underlies the physical basis of many 
SWE estimation algorithms.

1.3.2 Algorithm Development

The standard approach to SWE and snow depth algorithm development is to obtain 

ground truth information and carry out a linear regression with the channel gradients as 

independent variables with the in situ ground truth as a dependent variable. This leads to 

algorithms expressed as:

SWE = a + b(Cl - C 2) Eq. 1.1
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where Ci and C2 are brightness temperatures from two channels or polarizations of a 

radiometer and a and b are slope and bias coefficients.

Various surface features and physical effects can affect the accuracy of SWE estimation. 

Forest cover, snow distribution, grain size variation, depth hoar, among others have been 

shown to affect SWE estimation by either enhancing or diminishing the scattering 

differential. Lakes have been suggested (Hall, Foster et al. 1981; Chang, Foster et al. 

1997; Derksen, Walker et al. 2005) as possible sources of error, the nature of which is the 

objective of this investigation.
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Chapter 2 Objectives

The objective of this research is to investigate the effects of sub-grid lakes on passive 

microwave SWE and snow depth retrieval algorithms on the North Slope of Alaska. 

Sub-grid lakes have been indicated in previous research as a possible source of error on 

SWE computations, though the contribution of these lakes to erroneous SWE estimation 

is not fully understood.

Specific objectives are:

• Determine the temporal effects of lakes on snow distribution and 

microwave emission and if this causes sub-grid lakes on the North Slope 

of Alaska to be a source of error for SWE estimation.

• Develop percentage lake fraction estimation algorithms using SSM/I and 

AMSR-E brightness temperatures to quantify the impact of lakes on 

passive microwave brightness temperatures.

• Develop improved SWE and snow depth estimation algorithms using 

brightness temperatures and sub-grid lake fraction percentages as input 

parameters.
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3.1 Physical background o f thermal electromagnetic radiation emission

All naturally occurring materials have a nonzero temperature, and thus emit some amount 

of electromagnetic radiation that, by Planck’s law, is temperature dependent. Planck’s 

law (Equation 3.1) describes the emission characteristics for a theoretical body, known as 

a blackbody, which absorbs all incident radiation, converting it to heat.

Chapter 3 Background

r 2 hv_ Eq. 3.1
e k T - \

Where h is Planck’s constant (h= 6.63 x 10"34 m2 kg / s), v is the frequency, T is the 

blackbody temperature in Kelvin, c is the speed of light (c ~ 3xl08 m/s), and k is the 

Boltzmann constant (k = 1.38 x 10'23 m2 kg s'2 K '1).

To maintain thermal equilibrium, the stored energy must be emitted from the body as 

electromagnetic radiation. This occurs in a spectrum of frequencies, with relative 

amplitudes described by Planck’s Law (Figure 3.1). Therefore, a blackbody is a 

hypothetical, ideal radiator that absorbs and then re-emits all incident radiation. No real 

materials, however, can behave as blackbodies; they can only fractionally approach the 

characteristics of a blackbody. For real materials, some incident radiation is absorbed, 

some is transmitted, and some is reflected.
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Figure 3.1. Planck emission curve for a theoretical blackbody radiator at 273 
Kelvin. One-half of the power emitted by the blackbody at this temperature is emitted in 
the 9|jm -  13^m band.

3.2 Emissivity

For remote sensing purposes, the main parameter that drives the effects of microwave 

interaction with surface materials is known as emissivity (e), which is the ratio of the 

spectral radiant exitance of a material at a specific temperature to the spectral radiant 

exitance of a blackbody at the same temperature. Emissivity is frequency dependent 

across large regions of the electromagnetic spectrum, but can be considered constant for 

nearby spectral bands. By definition s can have fractional values between zero and one. 

If the body has an s that is constant at all wavelengths, it is known as a graybody. If s 

varies with wavelength, it is known as a selective radiator or a spectral body.

At terrestrial temperatures, the peak blackbody radiation emission occurs in the band 

between 9 jj.m and 13 jam, which is in the thermal infrared band of the electromagnetic
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spectrum. Measurements of thermally emitted radiation are known as brightness 

temperatures, often denoted as Tt>. Peak emission amplitude occurs in this band, but 

there are lower amplitude emissions at adjacent frequencies, extending into the 

microwave region of the spectrum (Figure 3.2). Diurnal solar heating will affect 

brightness temperatures, but because of consistent overflight times over the study area in 

the early morning and consistently subfreezing temperatures at the times of interest, this 

effect is not strongly pronounced and can be neglected (Pivot, Kergomanr et al. 2002; 

Koenig and Forster 2004; Derksen, Walker et al. 2005). Seasonal variations in 

temperature will also have an effect, but because brightness temperatures are more 

sensitive to emissivity than kinetic temperature in the microwave spectrum, this effect is 

also small.
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Figure 3.2. Relative amplitudes of thermal infrared (TIR), 37 GHz, and 19 GHz 
bands for a theoretical blackbody radiator at 273 Kelvin. Amplitudes of thermal 
infrared emissions are 5 orders of magnitude higher than 19 GHz, however, TIR radiation 
interacts more strongly with atmospheric moisture and clouds, limiting its use to clear 
weather.

3.3 Scattering effects

Scattering and absorption of EM radiation are of primary importance in remote sensing. 

All radiation is either transmitted, reflected (scattered) or absorbed in various ways 

depending on the target material and the spectral band of the radiation. There are many 

different types of scattering effects, but for terrestrial remote sensing, three are important: 

nonselective, Rayleigh, and Mie scattering. These three scattering regimes depend 

mostly on the size of particles in the scattering medium. At visible and infrared 

wavelengths, the atmosphere, water vapor and suspended aerosols are important 

scatterers. At longer microwave wavelengths, these three scattering regimes apply, but
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larger particles influence scattering. Of interest to this investigation is the scattering 

effect of snow at microwave wavelengths.

3.3.1 Nonselective scattering

Nonselective scattering occurs when the particle size of the scattering medium is 

significantly larger than the wavelengths of the incident radiation. At visible 

wavelengths, this effect is seen most commonly in fog and clouds appearing white due to 

the size of water droplets (typically 5 to 100 (j,m). These water droplets scatter all 

incident visible light approximately equally, resulting in a white color. For microwave 

remote sensing, this effect is small because there are few materials which have particles 

large enough to nonselectively scatter incident radiation with out emitting radiation of 

their own.

3.3.2 Rayleigh scattering

Rayleigh scattering occurs when the particle size of the scattering medium is significantly 

smaller (< 1/10 of the wavelength) than the wavelengths of the incident radiation, and is
thnon-directional. It is proportional to the 4 power of the wavelength, which causes 

scattering to be more strongly present at high frequencies At visible wavelengths, this 

results in the blue color of a clear daytime sky due to molecules in the atmosphere 

scattering predominately blue light. At microwave frequencies, this scattering can occur 

during strong precipitation events for high frequency microwaves (<100 GHz), but 

otherwise is negligible at low frequencies.
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3.3.3 Mie scattering

Mie scattering occurs when the particle size of the scattering medium is similar to the 

wavelengths of the incident radiation, and is strongly biased in the forward direction. At 

visible wavelengths, Mie scattering is driven by suspended particulate aerosols. This 

results in higher sky brightness near the sun (due to the large forward scattering 

component.

Mie scattering is dominant when microwave radiation interacts with snow. Snow 

particles act as scatterers such that they redistribute upwelling radiation based on their 

size. As previously stated, microwave radiation at frequencies above 20 to 25 GHz is 

strongly Mie scattered by snow grains, while radiation at lower frequencies is relatively 

unaffected (Foster, Sun et al. 2005). Crystal orientation does not appear to have a strong 

effect (Foster, Barton et al. 2000). Chang, Foster, et al. (1987) showed that individual 

snow crystals can be the dominant modifiers of 37 GHz brightness temperatures due to 

the size similarity and separation distances of snow grains and the 0.81 cm wavelength.

It was also shown that this scattering effect was lessened at longer wavelengths. Sturm, 

Grenfell, et al. (1993) showed that the larger depth hoar crystals present in large quantity 

on the North Slope also affected scattering at 37 GHz. Scattering was increased for depth 

hoar depths up to approximately 35 cm, at which point the signal saturated and no further 

scattering increase was observed, regardless of depth.

3.4 Confounding effects

Any cover type or process that modifies the emission or the scattering of microwave 

radiation at 19 GHz or 37 GHz will add uncertainty to SWE and snow depth estimation. 

Vegetation, grain size variability and evolution, wind redistribution and packing, and 

liquid water, among other things, can affect SWE estimation.

3.4.1 Confounding effects o f  vegetation

Forest canopy extending through the snow pack has been shown to emit unscattered 

microwave radiation at 37 GHz, thereby reducing the 19-37 scattering differential,
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erroneously reducing SWE and snow depth estimations (Foster, Sun et al. 2005). This 

error can be as high as 50%. Coniferous trees tend to be more emissive than deciduous 

trees in the winter due to the lack of leaves on deciduous trees.

Foster, Sun, et al. (2004) developed a fractional forest cover adjustment coefficient, 

which accounts for the emissive effect of exposed forest canopy above the snow surface. 

Forest fraction within a grid cell is extracted from a land cover classification image, 

which is then added as an additional bias term in a typical SWE estimation function. 

Initially for this research, a lake fraction coefficient was developed, but was unsuccessful 

due to a complex emissive effect from lakes, which will be discussed further in Chapter

Vegetation also plays a role in snow redistribution. For example, snow is transported 

across open areas until it reaches a sheltered area provided by vegetation, where it is 

deposited. This can also affect local snow density and depth hoar formation, which in 

turn affects the microwave interaction with the snow pack.

3.4.2 Confounding effects o f scaling and interpolation

Scaling between snow measurement and passive microwave observations can also affect 

SWE and snow depth estimation. Snow measurements are essentially point 

measurements or are taken as an averaged group of measurements over a limited 

sampling distance. As noted in Table 1.1, the raw pixel sizes from spacebome 

radiometers are often large in comparison. Snow depth and SWE can vary significantly 

over these scales, leading to estimation biases (Sturm and Benson 2004).

Preprocessing of the raw brightness temperatures and interpolation to a square grid can 

also lead to inaccuracies. Interpolation to a common grid allows data from different 

sensors and different channels to be used together consistently. However, because the 

data are interpolated, individual grid cell values may not accurately represent the 

conditions within that specific grid cell. For regional and global studies, grid- and sub
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grid-scale interpolation effects are negligible, but for investigations involving sub-grid 

variability, interpolation effects can be significant. Pixels are resampled to a common 

grid through the drop-in-the-bucket method in which all raw pixels covering a particular 

grid cell are averaged, regardless of the relative amount of coverage (Barry, Maslanik et 

al. 2002). In this way individual grid cells can be influenced by effects that are 

comparatively distant or minor. High contrast features such as ocean coastlines, lake 

shorelines and abrupt topographic changes can introduce spillover or contamination 

effects in this way that disrupt estimations. The strong contrast between small-scale in 

situ snow distribution variability and the much larger spatial extent of the grid cell can 

lead to errors, because observed variability may not accurately represent the values in a 

grid cell.

3.4.3 Confounding effects o f in situ measurement accuracy

The accuracy of in situ snow parameter measurement also affects the ability of 

regressions to characterize those parameters. In situ measurements are used in the 

creation and validation of regressions, and therefore error or bias in the original data will 

affect the regression development. Snow depth on a point-to-point basis can be 

ascertained with a relatively high degree of accuracy using probes pushed through the 

snow pack until a solid obstruction is reached (Figure 3.3). However, the nature of the 

terrain will impact this accuracy. Higher accuracy in snow depth measurement is 

achieved when snow overlies a hard surface such as lake ice or rock while lower 

accuracy is achieved for areas with vegetation such as shrubs or tundra. Topography and 

vegetation will also affect measurement accuracy by affecting drift and deposition 

patterns which can bias results (Benson and Sturm 1993; Sturm and Benson 2004). 

Overall, however, this inaccuracy is minor compared to the error related to extrapolating 

clustered point measurements to represent large spatial areas, such as the 25km grid.
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Figure 3.3. Snow depth measurement equipment and operation. For much of the 
CRREL data, snow depths were obtained with an automated snow probe (MagnaProbe, 
manufactured by SnowHydro, Inc.). The probe is inserted into the snow pack until the 
bottom is reached. Depth is calculated by the distance from the white slider to the probe 
tip. Image courtesy Glen Liston.
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SWE estimation is more complex because it is dependent on snow density, which is 

variable both vertically through the snow pack and horizontally with adjacent locations. 

SWE measurements are generally taken with a US Federal snow sampler, which is a tube 

with a cutting edge that is inserted into the snow until it contacts soil (Figure 3.4). It is 

then removed and the plug of vegetative material at the bottom is removed, and the snow 

from the sampler is weighed (Figure 3.5). The weight of the snow then can be converted 

into a SWE value using the weight, sampler cross sectional area and known snow depth. 

Alternatively, snow pits are dug, with density samples taken which collectively give an 

indication of SWE at that site.
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Figure 3.4. SWE measurement with Federal Sampler. The sampler is rotated and 
pushed through the snow pack and into the vegetative layer at the base. The snow from 
the sampler is then extracted and weighed (as in Figure 3.3) to determine SWE. Image 
courtesy Glen Liston.
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Figure 3.5. Snow sample weighing. Snow removed from the Federal sampler is 
weighed. The snow has a known depth and the sampler has a known cross sectional area, 
which allows the SWE to be calculated. Image courtesy Glen Liston.

3.4.4 Confounding effects o f depth hoar

Depth hoar is a large snow crystal created by vapor transported vertically through the 

snow pack by a strongly negative vertical thermal gradient between the air-snow and 

snow-ground interfaces (Trabant and Benson 1972). Water vapor rises from the bottom 

of the snow pack and is deposited higher in the snow pack, leading to large, intricate 

crystal shapes (Sturm, Grenfell et al. 1993). Crystals decrease in size on their sides 

opposite to the warmer vapor gradient, and decrease on the colder side. Depth hoar 

causes a large increase in volumetric scattering, resulting in a lower snow pack 

emissivity. On the Alaska North Slope, it has been shown that snow pack thermal 

gradient can exceed 40°C (approximately 0.5°C/cm gradient) (Hall, Sturm et al. 1991) 

while a 0.1-0.2°C gradient can initiate depth hoar formation (Marbouty 1980). Therefore, 

snow packs on the North Slope have a significant depth hoar component (Hall, Chang et 

al. 1986; Benson and Sturm 1993; Koenig and Forster 2004). Due to its very large grain 

size, depth hoar amplifies the scattering differential between 37 GHz and 19 GHz by
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scattering more 37 GHz radiation. This amplification of the scattering differential 

artificially increases SWE and snow depth estimations, until a saturation depth is reached 

at approximately 35 cm (Sturm, Grenfell et al. 1993).

3.4.5 Confounding effects o f snow grain size and redistribution

Individual snow depth and SWE measurements are generally representative of a very 

small location (<10 m) and the ability of these point measurements to represent actual 

values at the watershed scale or larger is uncertain (Benson and Sturm 1993; Sturm and 

Benson 2004; Chang, Kelly et al. 2005). The North Slope of Alaska is particularly prone 

to variation in grain size and snow distribution due to high winds and limited shelter 

provided by low vegetation (Sturm and Benson 2004).

Grain size and density variability within the snow pack also negatively affects SWE and 

snow depth estimations. The snow pack of the North Slope and the Arctic Coastal Plain 

is stratigraphically and morphologically complex (Sturm and Benson 2004), with 

significant wind modification and redeposition of snow after it has precipitated resulting 

in the formation of wind slab, sastrugi and drifts (Benson and Sturm 1993). In areas with 

little snow redistribution, the snow pack undergoes significant change through the 

formation of depth hoar and sintering (Foster, Barton et al. 2000; Sturm and Liston 

2003). The formation of wind slab may also modify microwave signals via multiple 

reflections from wind slab and snow layers (Chang, Foster et al. 1997).

The average grain size in a snow pack increases throughout a winter period through depth 

hoar formation, wind and gravitational packing (Benson and Sturm 1993; Kelly, Chang et 

al. 2003). Grain size can be decreased, however, by wind erosion. As snow grain size 

increases, microwave brightness temperatures of a given snow pack should decrease if all 

other parameters remain the same (Hall, Chang et al. 1986). This effect is not constant 

across the frequency domain of interest here, but more strongly affects the higher 

frequency channels, which can lead to overestimation of snow depth and SWE.
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3.4.6 Confounding effects o f liquid water

Due to the high dielectric contrast between water and other typical cover features, the 

presence of liquid water in a grid cell will strongly influence the brightness temperature. 

Liquid water has a dielectric constant of approximately 80, while other typical features 

have much lower dielectric constants, such as ice (approximately 3) or vegetation (2.5-4) 

(Jeffries, Morris et al. 1996). Thus, melting or ponding events can dramatically alter 

microwave signatures from snow, causing unreliable results (Walker and Goodison 

1993). Further, snow volume can rapidly decrease while SWE remains constant, 

assuming that there is no net runoff from melt. Because wet snow alters the microwave 

scattering signal and late winter (before the ablation period begins) melt events are rare, 

SWE estimations are generally computed during the late winter period when the liquid 

water content in the snow pack is known to be small or nonexistent.

The presence of unfrozen water underneath sections of lakes that have floating ice has 

been suggested as a possible error source in SWE estimations in grid cells where there is 

a significant lake fraction (Hall, Foster et al. 1981; Derksen, Walker et al. 2005). Lake 

water has very different emission characteristics from land which result in the reversal of 

the 19-37 difference such that 37 GHz brightness temperatures can exceed 19 GHz 

brightness temperatures, an effect not accounted for in any current SWE algorithms (Hall, 

Foster et al. 1981; Derksen, Walker et al. 2005). Further, Chang, Foster, et al. (1997) 

showed that the presence of layers of ice and snow cause multiple reflections of the 

emitted microwave radiation. This manifests itself as a brightness temperature oscillation 

modulated by the lake ice thickness. This generally results in SWE underestimation, and 

may be related to ice thickness, different lake/land vertical kinetic temperature profiles, 

and significant stratigraphic differences (Derksen, Walker et al. 2005).

3.5 Study Areas

This research has two main study areas on the North Slope: one near Barrow and 

extending south, and another containing the Kuparuk River watershed. Figure 3.6 shows
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an overview of these study areas. The Barrow area is bounded to the south and north by 

the 69.65N and 71.36N latitudes, respectively and west and east by the 158.OW and 

155.25W longitudes, respectively. It contains eight 25km grid cells which themselves 

contain the ground sites used in the 2000, 2002 and 2004 US Army Corps of Engineers 

Cold Regions Research and Engineering Laboratory (CRREL) transects (Sturm and 

Liston 2003). The Kuparuk area is bounded south and north by the 68.27N and 70.57N 

latitudes, respectively and west and east by the 150.92W and 148.15W longitudes, 

respectively. It contains twenty 25km grid cells which themselves contain the ground 

sites used in various CRREL and University of Alaska Fairbanks Water and 

Environmental Research Center (WERC) transects.

There is an additional third study area that is only a single grid cell (row 74, column 207 

in the polar-stereographic projected grid) covering a portion of Teshekpuk Lake, which is 

the largest lake on the North Slope. This grid cell contains 71.5% lake fraction, which is 

as close as possible to a pure lake grid cell in this region. It is used as a baseline to 

attempt to separate lake effects from other land process effects. There are no in situ SWE 

measurements for this area, however, so it is used for comparative purposes only.
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Figure 3.6. Overview of three study areas. Landcover classification image showing 
the two main study areas which contain in situ ground measurements are the Kuparuk 
study area and the Barrow study area and are shaded blue. The Teshekpuk study area is 
shaded green. It has no in situ snow data, but is used for the brightness temperature 
evolution comparison. Inset: Regional map with study area highlighted in red.

The topography of the region is generally flat, especially in the northern parts of the study 

areas, away from the foothills of the Brooks Range. Vegetation consists largely of small 

shrubs, tussock tundra on the foothills and wet sedge tundra on the low-lying areas of the 

North Slope (Koenig and Forster 2004). In the Barrow area, the landscape is dominated 

by small lakes, covering up to approximately 40% of the surface area (Jeffries, Morris et
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al. 1996). The Kuparuk area has lakes close to the coast, but large areas further to the 

south are practically lake free.

These study areas were chosen based on the availability of ground truth measurements 

and the variability of lakes as a cover sub-type within a particular grid cell. They are 

comparatively near to each other, and are similar climatologically, experiencing similar 

snow accumulation events, wind redistribution periods, air temperatures, and have similar 

topographies and vegetative cover. For the purposes of this research the areas only differ 

significantly in lake fraction.

3.6 Data sources

Data for this project were acquired from several sources. Table 3.1 presents an overview 

of all the data sources. The data fell into two main classes: in situ observations and 

remote sensing observations. Throughout this text, the term in situ is used as a term 

denoting measurements made of conditions on the ground. The actual ground 

measurements made of SWE and snow depth are termed in situ and are considered to be 

the true conditions of the snow at the time of the measurement. In situ lake fraction is 

somewhat different in that it is computed from remotely sensed optical data, however, for 

the purposes of this investigation, this lake fraction value represents true conditions at the 

surface. The in situ data were acquired during field campaigns and consist of snow depth 

and SWE values recorded for site locations in the study areas. The remote sensing data 

are the result of ongoing observations from satellites observing upwelling terrestrial 

radiances from orbit. The remote sensing data itself can be classified in two main groups: 

optical (visible and infrared) imagery and microwave imagery. The optical imagery is 

acquired at a much higher spatial resolution (100 meters) than the passive microwave 

data and contributed to the cover type classification image used to resolve landcover 

features smaller than the passive microwave spatial resolution grid. The passive 

microwave imagery provides information necessary for snow depth and SWE estimation 

due to the propagation or scattering of microwaves within the snow pack. Because the 

data from this project were acquired from these different sources and contain information
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relating to different processes, it was necessary to synthesize and combine these datasets 

to a final processed form that contained all of the pertinent data arranged in a useful way. 

The most straightforward way to accomplish this goal was to develop software that 

systematically extracted, organized, and integrated the data. Further discussion of this 

processing is covered in Chapter 4.1.
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Table 3.1 Overview of data sources. Software was developed to integrate and 
extract and organize the appropriate information from the raw data. All of the 
Barrow and Kupaurk data was collected during March and April of the indicated 
years.

Data type Source Available dates

In situ SWE/depth

Cold Regions Reseach and 

Engineering Laboratory 

(CRREL)

Barrow data collected in 

2000,2002,2004

Kuparuk data from 

1996,1997

Water and Evironmental 

Research Center (WERC)

Kuparuk data from 

1996,1997

Brightness Temperatures
National Snow and Ice Data 

Center (NSIDC)

SSM/I Daily Tb’s 

1996-2006

AMSR-E Daily Tb’s 

2003-2006

Cover type information UAF Geobotany Center 9-class cover type map
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3.6.1 In situ data

The CRREL provided field data taken from snow transects in 1996, 1997, 2000, 2002 

and 2004 for the Barrow and Kuparuk study areas. The studies conducted during 2000, 

2002 and 2004 were in the Barrow study area, while the studies conducted during 1996 

and 1997 were from the Kuparuk study area. For the 2000, 2002, and 2004 transects, 

depth and SWE measurements were made on lake and land near each site. For CRREL 

transects in the Kuparuk watershed, the data were provided in a format listing the 

acquisition date, latitude, longitude, snow depth and SWE. The WERC data were the 

result of snow studies performed in the Kuparuk watershed from 1996 and 1997. Their 

data contained, among other parameters, acquisition date, latitude, longitude, snow depth 

and SWE. These datasets consists of clusters of point measurements averaged together to 

reduce error and bias effects from small scale depth and SWE variability.

For CRREL sampling sites near Barrow, the total standard deviation of snow depth 

measurements was 9.19 cm. The standard deviation of lake sites was 8.22 cm, while the 

standard deviation of land sites was 10.15 cm. This illustrates both the accuracy 

difference for lake and land sites as well as the effect of microtopographical variation on 

snow distribution. The depths on lakes were noted as being accurate to ±0.1 cm, while 

tundra locations were accurate to ±1.5 cm. Therefore, most of the magnitude in the 

standard deviation for lake sites is a result of wind drifting and increased snow depths at 

the lake margins due to the shore lines (Sturm and Liston 2003).

SWE sampling in the Barrow study area was done by collecting samples with a Federal 

sampler, and weighing them on a digital balance with an accuracy of ±0.01 g. Snow pits 

were also dug to compare the sampler-derived density and SWE to the snow pit bulk 

density. It was noted that the Federal sampler densities were 4% lower than the pit 

densities, so the Federal sampler densities were adjusted to account for this (Sturm and 

Liston 2003).
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3.6.2 Passive microwave brightness temperature data

The SSM/I brightness temperatures for the time period from January 1, 1996 to April 30, 

2006 were obtained from the National Snow and Ice Data Center (NSIDC) 25km- and 

12.5km-gridded polar-stereographic projected ascending mode DMSP SSM/I Pathfinder 

daily brightness temperatures. All of the data are in the 25km grid, except the 85 GHz 

channel of SSM/I which contained higher spatial resolution data and was interpolated to 

the 12.5km grid (Cavalieri and Comiso 2004, updated current year). The AMSR-E daily 

brightness temperature dataset was also obtained from the NSIDC in the Polar 

Stereographic 25km grid in ascending mode, for the dates between January 1, 2003 and 

April 30, 2006 (Maslanik and Stroeve 1990). It should be noted that although the data are 

sampled to a 25km grid, the spatial resolution for the sensors is defined in Table 1.1, and 

is at times significantly different than the 25km grid specified here.

3.6.3 Landcover classification data

The University of Alaska Fairbanks Geobotany Center provided a 100-meter spatial 

resolution, 9-class land cover map of the North Slope region derived from Landsat MSS 

images acquired from August 14, 1976 to September 13, 1986 (Figure 3.7). It contains 

various classes of vegetation, bare soil and water in addition to quality information 

regarding cloud and ice cover (Muller, Racoviteanu et al. 1999). Software was developed 

to delineate the boundaries of the grid cells and project those boundaries onto the cover 

type map. Grid cell boundaries defined the regions of interest, and lake fraction statistics 

were calculated as the fraction of water values in that particular grid cell to the total 

number of landcover map pixels in the same passive microwave grid cell. This 

calculation was performed with the assumption that the water class in the cover type map 

referred to lake water. Ocean water belongs to a different cover class, which was not 

counted in this calculation. Rivers classify as water in the cover type map, however, they 

were included in the calculation of lake fraction based on the assumption that their spatial 

coverage was small in the overall grid cell. The lake fraction of each cell was of 

particular interest, and this allowed it to be easily extracted. Figure 3.8 shows a cover
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type overview of the Barrow study area, with the pixels used in this research outlined in 

black. Figure 3.9 shows a cover type overview of the Kuparuk study area, and Figure

3.10 shows an cover type overview of the Teshekpuk Lake study area. The colors used in 

Figures 3.8, 3.9 and 3.10 are the same as defined in the cover type legend in Figure 3.7. 

The numbers in the grid cells in Figures 3.8-3.10 are grid cell identification numbers.

The row, column and lake fraction of these cells is defined in Table 3.2.
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Figure 3.7. Color representation of landcover map. Class 6 is defined as water, and 
was used to compute lake fraction (Muller, Racoviteanu et al. 1999).



35

Figure 3.8. Barrow study area cover type overview. The 25km Polar Stereographic- 
projected grid cells used in this study are outlined in black. Refer to Table 3.2 for lake 
fraction values.



Figure 3.9. Kuparuk study area cover type overview. The 25km Polar Stereographic- 
projected grid cells used in this study are outlined in black. Refer to Table 3.2 for lake 
fraction values.
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25 Km__________________________
figure 3.10. Teshekpuk Lake study area cover type overview. The 25km Polar 
Stereographic-projected grid cell used in this study are outlined in black. The grid cell 
chosen here is the largest possible lake fraction (71.5%) for all the grid cells selected in 
this study. Refer to Table 3.2 for lake fraction values.
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Table 3.2 Lake fractions for each study area grid cell. Please refer to Figures 3.8- 
3.10 for relative locations.

Row Column Center Lat Center Lon 25km Lake Fraction Figure label
78 204 71.16 -156.74 25.65 1
77 203 70.87 -157.12 24.47 2
76 202 70.57 -157.49 21.45 3
75 202 70.37 -157.24 23.64 4
74 203 70.24 -156.37 38.23 5
74 202 70.16 -156.99 16.47 6
73 203 70.03 -156.13 20.52 7
72 203 69.82 -155.90 6.66 8
71 214 70.35 -148.79 17.10 9
70 214 70.13 -148.64 12.46 10
70 213 70.07 -149.28 9.72 11
70 212 70.02 -149.91 1.72 12
69 213 69.86 -149.12 9.70 13
69 212 69.80 -149.74 4.34 14
69 211 69.74 -150.37 1.61 15
68 212 69.58 -149.58 1.03 16
68 211 69.53 -150.20 3.13 17
67 212 69.37 -149.42 0.66 18
66 213 69.20 -148.65 1.92 19
66 212 69.15 -149.26 0.62 20
66 211 69.09 -149.87 0.51 21
65 212 68.93 -149.11 1.65 22
65 211 68.88 -149.71 0.56 23
64 212 68.72 -148.96 2.38 24
64 211 68.66 -149.56 3.03 25
63 211 68.45 -149.40 3.49 26
74 207 70.55 -153.86 71.50 27
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Chapter 4 Methods

Methods used to investigate the effects of lakes on SWE estimations can be discussed 

under three different categories:

1. Compute and compare the brightness temperature channel difference evolution 

over 3 cells of varying lake fraction to qualitatively assess the temporal effects of 

sub-grid lakes on channel differences. This method helps to assess the impact of 

lakes on snow distribution and microwave emissivity to determine whether lakes 

have an effect on SWE and snow depth estimations.

2. Quantify the effect of lakes on microwave brightness temperatures by using 

brightness temperatures selected by stepwise regression to estimate lake fraction.

3. Use lake fraction and brightness temperatures as selected by stepwise regression 

to create improved SWE and snow depth algorithms compared with previously 

published algorithms.

These three methods investigate the effect of lakes from different perspectives. 

Previously published algorithms did not account for lakes as a surface cover type. The 

first method investigates the temporal effects that lakes have on brightness temperatures, 

as well as the effects that lakes have on snow distribution and the 19-37 channel 

difference. This will result in a qualitative understanding of the role that lakes play on 

surface processes and will test the premise that lakes have a significant effect on SWE 

and snow depth estimation. The second method quantifies the effect of lakes on 

brightness temperatures by using brightness temperatures to estimate lake fraction. This 

quantification will provide a measurement of the effect of lakes and will describe the 

relative strength of effects at different frequencies. This quantification will support the 

third method, which is the development of SWE and snow depth algorithms that result in 

improved SWE estimation. Previously published algorithms used in this study are 

defined in Table 4.1 and are discussed further in section 4.3.
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Table 4.1. Definition of previously published algorithms used for comparison.

Author Resion/Cover
type Algorithm

Chang Global 4.8* (19H-37H) [mm] (SWE)

Derksen Prairie -20.7-2.74 * (37V - 19V) [mm] (SWE)

Koenig Kuparuk River
14.7 + 0.403*(19V - 37H) - 0.632*(37V - 37H) 

-  0.905 * (85V -  85H) [cm] (SWE)
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4.1 Data Processing

Before the various analysis methods could be applied, the data needed to be assembled 

into a uniform, accessible format. Original data existed in separate spreadsheet formats 

and several different image formats, and intermediate datasets pertaining to the grid cell 

boundaries and site locations also needed to be synthesized. The number of individual 

elements of the project necessitated the development of software to accomplish the tasks 

in a timely manner. Software in Fortran, Visual Basic and IDL was written to 

accomplish these tasks. Figure 4.1 displays the general preprocessing flow chart that 

illustrates the flow of data from the source datasets to the “All Cells All Data” (ACAD) 

datasets for SSM/I and AMSR-E (ACAD_SSMI and ACAD_AMSR, respectively) and 

the final output dataset. Figure 4.2 displays the processing that was carried out on the 

output dataset, Figure 4.3 displays the final processing that was carried out on the 

ACAD_SSMI dataset and Figure 4.5 displays the final processing that was carried out on 

the ACAD AMSR dataset. The following sections will describe in further detail the 

processing steps to achieve these goals. All of the code developed for the various data 

processing steps is included in Appendix B.
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Figure 4.1. Preprocessing flow chart. Input from NSIDC, WERC, CRREL and the 
UAF Geobotany Center was processed and integrated into three output datasets. The 
output dataset contains all of the in situ SWE and snow depth data with the corresponding 
lake fractions and pentad-averaged brightness temperatures. The All Cells-All 
Data(ACAD) sets include the entire brightness temperature time series for all of the grid 
cells in the study areas.
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Figure 4.2. ACAD_SSMI flow chart. This shows final processing steps required to 
achieve the goals of performing the brightness temperature evolution and evaluating the 
performance of the stepwise-derived lake fraction algorithm.
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Figure 4.3. ACAD_AMSR flow chart. This shows final processing steps required to 
achieve the goals of performing the brightness temperature evolution and evaluating the 
performance of the stepwise-derived lake fraction algorithm.

4.1.1 Initial preprocessing

The necessary data were obtained from the NSIDC, WERC, CRREL and UAF 

Geobotany Center. The in situ WERC and CRREL data were in the form of spreadsheets 

that were created from field data. There were various organizational structures to the 

various sheets, and these were manually arranged into a common form in a new 

spreadsheet such that the date, latitude, longitude, depth, and SWE were organized in 

columns, with single measurements occupying each row. Snow density for each 

measurement was computed as being the SWE divided by the depth. After this
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processing, the dataset consisted of 582 individual points. This dataset is included in 

Appendix C.

Software to obtain the appropriate grid cell for all of the data was developed by extending 

Fortran code obtained from the NSIDC for finding the grid cell coordinates for a single 

point. This provided the correct grid cell row and column number for each datum, which 

was then entered into the data set.

This code was also modified further to determine the boundaries of the grid cells so that 

cover type information could be extracted. This was accomplished by iterating through 

all of the latitude-longitude pairs for each pixel between the comer points of the UAF 

Geobotany Center cover type image and recording the latitude and longitude where grid 

cell number transitions took place. These were ingested as vector points into the ENVI 

image processing software package and superimposed on the cover type image. This 

allowed vectors outlining the separate grid cells to be drawn in a connect-the-dots 

fashion. These vectors defined regions of interest, allowing the cover type statistics for 

individual grid cells to be computed. All of the pixels of the cover type image that were 

classified as lake values were counted resulting in a lake fraction cover percentage. This 

process was completed for the 25km grid, and was repeated for the 12.5km grid. The 

lake fractions for the grid cell containing each measurement were then added to the 

dataset.

The passive microwave data were then integrated with the dataset. There were two 

approaches necessary, based on the sensors that were used. The SSM/I data were in a 

binary format that had individual files for each channel, polarization and day, and these 

were in directories that corresponded to the acquisition year.

The AMSR-E data were delivered in the Hierarchical Data Format (HDF) format, which 

was then exported to a binary format similar to the SSM/I data in that individual files
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contained the data for each channel, polarization and day, though file naming conventions 

which included the acquisition year in the filename allowed a single directory to contain 

all of the files. This was accomplished using code written in IDL to iteratively access 

each file and separate each internal Scientific Data Set (SDS), create a binary file and 

write the appropriate SDS to that. This resulted in a large number of files for both SSM/I 

and AMSR-E: 26,444 individual files for SSM/I and 12,020 for AMSR-E.

Software was written in Visual Basic which identified the required channel, polarization, 

date, and grid cell from the appropriate dataset, and extracted that element from the 

correct file in the directory structure. The values for one and two days before and one 

and two days after the measurement were then obtained so that a pentad-average for each 

grid cell was computed, and this value was entered at the appropriate place in the dataset. 

The pentad-averaging technique is commonly used to reduce sensor noise and in this 

application was applied such that missing datum values were ignored so that they did not 

adversely affect the average. The in situ dataset was then searched, and all measurements 

that occurred within a particular grid cell during the length of the pentad were averaged 

together so that the times and locations of in situ ground measurements and pentad- 

averaged brightness temperatures were correctly aligned.

4.1.2 Snow parameter estimation algorithm creation and application

At this point all of the necessary data for computing the stepwise regressions for SWE 

and snow depth were present in the unified dataset. The stepwise regressions were 

performed (this process is described in Section 4.4) with the stepwise regression tool in 

Matlab and applied to the dataset, as were the Chang, Kuparuk, and Northern Prairie 

algorithms. At this point all of the necessary performance metrics for the snow parameter 

estimation algorithms were calculated.
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4.1.3 Lake fraction estimation algorithm creation

Daily brightness temperatures for all the grid cells in this study at all AMSR-E 

frequencies and polarizations for the time period between 1/1/2003 and 4/30/2006 (the 

ACAD_AMSR dataset) as well as all SSM/I daily brightness temperatures at all 

frequencies and polarizations for 1/1/1996 to 4/30/2006 (the ACAD_SSMI dataset) was 

assembled. Software was written in Visual Basic which opened and extracted the 

appropriate pixel for each day in the time series. That value was placed in the correct 

spreadsheet location corresponding to that grid cell. Stepwise regressions using 

brightness temperatures from the time period of March 1 to March 20 for each year as 

independent variables and lake fractions as dependent variables were then performed as 

described in Section 4.5. This date restriction approach was chosen as a way to retain a 

relatively large sample size while limiting the temporal effects of snow accumulation, 

lake ice thickening and grounding (lake freezing to the bottom).

4.1.4 Brightness temperature evolution comparison

Another application for the ACAD_SSMI and ACAD_AMSR datasets was to investigate 

the effect of lake fraction on brightness temperature evolution over the winter periods 

from 1996 to 2006 for SSM/I and 2003 to 2006 for AMSR-E. The low frequency bands 

of AMSR-E also provided the opportunity to examine the effects of lakes at lower 

frequencies, which was not possible to do with SSM/I.

Comparisons of brightness temperature, in situ SWE and estimated SWE represent 

measurements taken at a precise place and time, and as such necessitate the assumption 

that the scene is relatively time-invariant. However, the actual surface conditions are 

temporal. In the winter, snow accumulates, redistributes and ablates. Depth hoar 

develops and lakes progressively freeze to their beds, particularly at the margins. To be 

certain of accurate estimation, passive microwave channel differences should display 

behavior appropriate to physical processes that are significant at various times of the
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year. Snow accumulation and ablation times should be evident, as well as their relative 

magnitude.

Figure 4.4 shows a schematic view of the typical progression of lake ice and snow 

throughout the period of a year. Neglecting other secondary factors, microwave radiation 

is emitted from two main surface features: land and lakes. In the summer (Figure 4.4a), 

this situation is complicated by the presence of marsh and wet sedge areas. These areas 

have either very shallow or no standing water, and are saturated at the surface. These 

areas would not classify as “water” on the cover type map, because they are covered with 

vegetation, though these areas would emit microwave radiation in a similar fashion as 

open lakes because of the high water content in the vegetation and the soil. This changes 

during the fall (Figure 4.4b), as these areas quickly freeze to the soil surface and below, 

and pore spaces in the soil which contain liquid water below freezing temperatures 

progressively freeze with increasingly lower temperatures. In the fall and early winter, 

snow begins to accumulate on the land surface, and ice forms on the lake surface, with 

snow covering the lake ice after its formation. At this point, the scattering differential 

effect begins, and microwave radiation is scattered in proportion to the depth and snow 

water equivalent of the snow pack. As the winter progresses (Figure 4.4c), more snow 

accumulates and wind events redistribute that snow cover. Lake ice continues to thicken, 

freezing to the lake bed in places, especially close to the margins. Shallow lakes may 

freeze to their beds across the entire lake. In the spring period (Figure 4.4d), rising air 

temperatures and more incoming solar radiation from longer days begin to melt the snow 

and ice. This has a large, erratic effect on microwave brightness temperatures as the 

scattering effect of the snow pack changes on short time scales and liquid water moves 

about freely. At the end of this period, conditions return to the summer state, and the 

process repeats.
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For the brightness temperature difference comparison, these effects should hypothetically 

be visible in the time domain. Grid cells with a low lake fraction should exhibit a 

scattering response which shows the growth, redistribution, and ablation of the snow 

pack. Grid cells with a higher lake fraction should show the superposition of this signal 

with a lake effect signal which would be consistent with self-emission due to the growth 

of the ice layer and emission from the water surface. This lake signal should increase in 

strength with increasing lake fraction, but would likely decrease somewhat in time as lake 

ice thickens to the degree that it freezes to the lake bed later in the winter. With the onset 

of spring melt, and continuing through the summer period, the scattering differential 

should become obviously erratic, and finally reach the no-snow summer state at a date 

appropriate to the transition to summer. Figure 4.5 illustrates the important events and 

processes occurring during a winter period and their possible effect on microwave 

brightness temperature differences.
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Figure 4.4. Schematic view of progression of lake ice and snow development for 
lakes on the North Slope, a) Summer lake and snow conditions. The lake has no snow 
and no ice above it. b) Fall/early winter lake and snow conditions. A thin continuous 
layer of ice develops on surface of lake and a thin snow pack on top of the ice and on the 
surrounding terrain. Snow is redistributed by wind, c) Late winter lake and snow 
conditions. Lake ice thickens, grounding at the margins. Snow thickens on lake ice and 
surrounding terrain, and is redistributed by wind, c) Spring lake and snow conditions. 
Lake ice and snow begin melting. Refer to Section 4.1.4 for details.
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lake fraction. Processes and events which affect brightness temperatures for a typical 
annual cycle.

4.2 Performance Metrics

Several metrics were used in the evaluation of algorithm performance, both for 

previously published algorithms and for algorithms created in this investigation. There is 

no single metric that can be universally applied to all models as each of these is sensitive 

to different conditions in the model output. Analyses using several metrics, however can 

illustrate strengths and weaknesses of models in particular conditions. In the sections that 

follow, P, is the realization of the estimator P (in this case a regression equation output) 

and Oi is the corresponding in situ datum point of set O, both of which have n elements.



52

4.2.1 Coefficient o f Determination -  R"

The R2 coefficient of determination is defined by:

Eq. 4.1

2The R coefficient indicates the strength and direction of a linear relationship between 

two random variables, and was used in this case to illustrate the general quality of the 

trendline fit between two parameters, making the assumptions that the pertinent 

distributions are both normal and linear. The R2 coefficient is used here as a method of 

gauging the ability of a multivariate function (in the form of a regression equation or 

other expression) to correctly approximate in situ data. For regression equation outputs, 

high R“ values with linear-fit trendlines close to the 1:1 line indicate good performance, 

and low values resulting from either large scatter or bias indicating poor performance.

4.2.2 Coefficient o f Efficiency - COE

The Coefficient of Efficiency (COE) is defined by:

%  (0,-P,f
Coefficient o f Efficiency = 1 -  ------------

Eq. 4.2
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The COE ranges from minus infinity to 1 with higher values indicating better agreement. 

An important threshold occurs at a COE value of zero. A value of zero indicates that the

that the observed mean is a better predictor than the model. Therefore, positive values 

indicate increasingly better estimation abilities of the model or regression. In certain

when the mean of the estimator and the mean of the independent variable are similar or 

equal.

4.2.3 Root Mean Squared Error - RMSE

The Root Mean Squared Error (RMSE) is defined as the square root of the Mean Squared 

Error (MSE), and is given by the equation:

The RMSE value is the average distance of an estimation output from the real output in 

units of the variable. It can range from zero to infinity, with small values indicating good 

performance.

4.2.4 Mean Absolute Error - MAE

The Mean Absolute Error (MAE) is defined by:

observed mean is as good a predictor as the model, while values less than zero indicate

2conditions, the R and COE can have equal or very similar values. This occurs in cases

Eq. 4.3

Eq. 4.4

The MAE describes the difference between the model simulations and observations in the 

units of the variable. Like RMSE, it can range from zero to infinity, with small values
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indicating good performance. In general, RMSE > MAE, and the degree to which the 

RMSE exceeds the MAE is an indicator of the extent to which outliers exist in the data.

4.2.5 Comparison o f performance metrics
The R2 coefficient is perhaps the most common measurement of fit, being found in many 

introductory statistical texts, and is familiar to many in technical fields in science and 

engineering. The R describes how much of the total variance in the observed data is 

explained by a regression, and ranges in dimensionless values from 0.0 to 1.0 with higher 

values indicating better fit. The R coefficient, however, offers poor performance in 

particular situations. It is very sensitive to outliers and makes basic assumptions that 

both the model and data are linear and normally distributed. This sensitivity to linear 

relationships causes another limitation, in that it “standardizes for differences between the 

observed and predicted means and variances since it only evaluates linear relationships 

between the variables. It can be easily demonstrated that if Pj = (AO, + B) for any 

nonzero value of A and any value of B, then R2 =1.0” (Legates and McCabe 1999, p.

234). Thus, perfect ratings can be achieved for models which would not warrant that 

designation.

The COE is an improvement over the R2 coefficient because it is sensitive to differences 

between the observed and simulated variances. Regarding the above quotation, COE will 

decrease as values of A and B deviate from 1.0 and 0.0, respectively (Legates and 

McCabe 1999). Due to the squared difference terms, however, the COE is still sensitive 

to outliers in the data set.

The R~ and COE are dimensionless measures of fit, while the RMSE and MAE are given 

in terms of the variables, and as such provide a different vantage point on algorithm or 

model performance. The RMSE, like the MAE is the expected value of the error for a 

model. The difference between the two lies in the relative weight that outliers are given. 

In computing the RMSE, the error for a particular model output is squared and all of the 

squared errors are summed together and divided by the number of elements in the output,
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which creates the Mean Squared Error (MSE). After this summation, the square root is 

taken of the MSE, which brings the value back into units of the variable. The effect of 

outliers is enhanced because of the squaring term. The MAE sums the absolute 

magnitude of the errors and divides by the number of elements, so is therefore less 

sensitive to outliers. Typically, the RMSE is larger than MAE, but if the RMSE=MAE, it 

is an indication that the prediction errors are all of the same magnitude.

All of the metrics contribute to a more robust understanding of the performance of an 

algorithm or regression. When the values all agree that one algorithm or model performs 

better than another, it is good evidence to support the use of the indicated model. If there 

is a lack of agreement, the case is thereby weakened, though further analysis (e.g. 

removing or accounting for outliers, detecting a non-normal distribution or nonlinear 

behavior in the dataset, etc.) may improve performance.

4.3 Comparison o f three published algorithms

There are many different algorithms that utilize microwave radiometers to extract snow 

parameters. Three algorithms designed for use in terrain that is similar to that on the 

North Slope were analyzed: the Chang, Northern Prairie and Kuparuk algorithms.

Chang’s SWE algorithm (Chang, Foster et al. 1987) was one of the first for global SWE 

estimation and has been extensively tested. The Chang algorithm attains its best 

performance in the Eurasian steppes and Canadian prairies, though it was noted during its 

development that it gave poor performance on the Alaska North Slope. The Northern 

Prairie algorithm (Derksen, Walker et al. 2003) was designed specifically for Canadian 

prairies. These prairies have relatively shallow, stratigraphically simple snow packs over 

a large spatial extent, which reduces the confounding effects of sub-grid inhomogeneity. 

The Kuparuk algorithm (Koenig and Forster 2004) was designed for the Kuparuk 

watershed, which is a portion of the study of this research. Koenig and Forster (2004) 

investigated the effect of depth hoar on SWE estimation algorithms and created a new
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algorithm using polarization differences which appeared to be adjusting for the presence 

of depth hoar. They noted good performance with 11-day averages across the entire 

watershed, but also noted poor performance on grid cell-by-grid cell analysis

These algorithms differ in the way that they use polarizations. Emissions can be 

polarized by many things, in particular water and vegetation. For the Kuparuk algorithm, 

it was thought that the cross polarization terms accounted for scattering effects in depth 

hoar. The reason that each of these polarizations was chosen during development was 

because that polarization characterized an important parameter that was present in the 

study area, such as depth hoar in the Kuparuk snow pack.

4.3.1 Chang algorithm description

Chang et al. (1987) developed a snow depth algorithm building on several previous 

algorithms to extract snow cover parameters (Chang, Foster et al. 1982; Kunzi, Patil et al. 

1982; Chang 1986). The Kunzi algorithm was developed by regressing ground truth data 

against observed 18 GHz and 37 GHz microwave brightness temperatures, while the 

Chang (1982, 1986, and 1987) algorithms were derived from theoretical scattering 

models, which compared favorably with data taken from the Canadian high plains and 

Eurasian steppes. Figure 4.6 shows the theoretical curves which led to the development 

of this algorithm. The resulting algorithm is expressed as:

Chang SWE [mm] = 4.8 (19// -3 7 // )  Eq 4 5

where 19H and 37H are the SMMR measured brightness temperature as horizontally 

polarized 19 GHz and 37 GHz, respectively. For these purposes, the 18 GHz SMMR 

data are considered interchangeable with the 19 GHz SSM/I data. This algorithm makes 

an assumption that the average snow density in the snow pack is approximately 0.3 

g/cm3, which then allows an equivalent SWE to be inferred.
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Figure 4.6. Theoretical basis of Chang algorithm. Curves indicate the brightness 
temperature as a function of SWE for horizontal polarization over frozen ground. The 
left side shows relative brightness temperatures for a grain size of 0.3mm, while the right 
side shows relative brightness temperatures for a grain size of 0.5mm. Adapted from 
Chang et al. 1987.

The Chang algorithm gave favorable results for the Canadian high plains and Eurasian 

steppe landscapes due to stratigraphically simple snow packs and very little sub-pixel 

cover type variability. It was also tested on the North Slope and the Colorado River 

basin, but it showed significant deviation from ground measurements in those locations 

(Chang, Foster et al. 1987). For the Colorado River basin, it was theorized that 

topographical variation at sub-pixel scales introduced erroneous signals. For the North 

Slope, depth hoar was indicated as a possible source of error for the algorithm (Chang, at 

al. 1987).
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4.3.2 Northern Prairie algorithm

The Meteorological Service of Canada produced a suite of landcover-sensitive SWE 

estimation algorithms, beginning with the Northern Prairie “open” cover type (Eq. 4.6) in 

1995, and later including algorithms for scenes with significant coniferous forests, 

deciduous forests and sparse forest conditions.

Northern prairie SWE [mm] = -  20.7 -  2.74(37F - 1 9V) Eq 4 6

This algorithm was designed for the particular conditions found on open prairies in 

central Canada and the upper-Midwest in the United States. It should be noted that the 

North Slope is not a prairie in an ecological sense, but is open in that it lacks a forest 

canopy protruding from the snow pack. It is similar to prairies in that the topography is 

relatively flat, which is why this was chosen for this study. Equation 4.6 is applied by the 

Meteorological Service of Canada for regions which are analogous in many ways to the 

North Slope of Alaska.

4.3.3 Kuparuk algorithm description

The Kuparuk algorithm (Eq. 4.7) developed by Koenig and Forster (2004) deviates 

somewhat from the typical algorithm structure discussed in section 1.5 by adding other 

channel differencing terms; however the basic form of the equation remains the same 

with a bias plus a slope term with each gradient.

Kuparuk SWE [cm\ =
14.7 +0.403(19 F -3 7 // )

-0 .6 3 2 (3 7 ^ -3 7 /0
-  0.905(85F -  85//) Fn ,  -

Equation 4.7 was developed specifically for the Kuparuk River watershed, which is a 

region known for depth hoar-dominated snow packs. It was developed by linearly
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regressing EASE-grid projected SSM/I daily brightness temperatures against ground truth 

data acquired within each particular EASE-grid cell. This algorithm utilizes the 85 GHz 

channel, in addition to the 19 GHz and 37 GHz channels commonly used and also 

includes polarization difference terms at each frequency channel.

At the grid cell scale level, this algorithm offers very poor performance. Koenig and 

Forster (2004) noted that pixel values deviated from ground measurements by 193%. 

However, on watershed scales, the algorithm performs better than the others and appears 

to do a better job of detecting and accounting for depth hoar than the other algorithms, 

estimating SWE to approximately ± 30%. It was hypothesized that this depth hoar 

identification was driven by the inclusion the 85 GHz frequency and cross-polarization 

terms in the regression equation.

4.4 Stepwise regression description

The situation that is presented in this study lends itself well to various multivariate 

regression techniques. The dataset consists of a list of multiple independent variables - 

the brightness temperatures and lake fractions. It is known that a relationship exists 

between the independent variables and a dependent variable, in this case SWE or snow 

depth, though the exact relationship is unknown. The most straightforward approach 

would be to simply perform the regression on all of the independent variables and apply 

the resulting equation to the data. This approach can lead to a higher R2 correlation. 

However, increasing the number of degrees of freedom through including statistically 

insignificant parameters can increase measures of error, such as the RMSE. The 

underlying physical basis can also be obscured through including insignificant variables 

such that an equation describing the behavior can be found, but the processes that drive 

the equation remain unknown.

It is, therefore, desirable to find an equation that fits the data with a high correlation and 

low RMSE, while including only parameters that are significant to the process being 

observed. A stepwise multivariate regression is a good method to attain this goal
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(Koenig and Forster 2004). A stepwise regression is an algorithmic regression approach 

that examines the independent variables and chooses a single variable with the highest 

discriminating power. The regression equation is computed for a single variable with the 

highest correlation to the dependent variable, and the remaining variables are examined 

to decide if they would significantly increase the correlation and decrease the RMSE.

The next most significant variable is added, and the process is repeated until there are no 

longer any variables that significantly improve the outcome, at which point the regression 

is stopped and the regression equation provided.

4.5 Creation o f  algorithms using stepwise regression

The stepwise regressions were performed using the stepwise regression tool available in 

the Matlab software package. The brightness temperature, lake fraction percentage, snow 

depth, and SWE data was converted from a spreadsheet representation to a matrix 

variable appropriate for the Matlab software, and the stepwise regression tool started with 

the appropriate independent and dependent variables chosen depending on the nature of 

the desired regression.

The snow depth and SWE stepwise regressions both used all the pentad averaged SSM/I 

brightness temperatures and percentage lake fractions as independent variables, and the in 

situ snow depth and in situ SWE as dependent variables, respectively. The lake fraction 

stepwise regressions for SSM/I and AMSR-E used brightness temperatures during the 

time period of March 1 to March 20 for all available years as independent variables and 

percentage lake fraction for the appropriate grid cell was chosen as the dependent 

variable. Each independent variable was added to the regressions, resulting in regression 

equations that maximized R2 and minimized RMSE. Further analysis of the results of the 

stepwise regressions is included in Chapter 5.
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Chapter 5 Results and Discussion

5.1 Observation o f lake effect in 19H-37H brightness temperature differences

The scattering differential present in the 19 and 37 GHz channels is the fundamental 

physical basis that snow parameter extraction is based upon. Lakes have been theorized 

to have a confounding effect on SWE and snow depth estimation. This effect could 

appear for either or both of two main reasons: (1) lakes could affect local in situ snow 

distribution, and (2) they could have a characteristic emissive effect which contributes to 

and confounds the SWE signal. Sturm and Liston (2003) showed that snow depth is 

approximately 56% lower and snow density 21% higher on lakes than on surrounding 

land, yielding a 25% (for the samples taken in 2000) to 38% (for the samples taken in 

2002) decrease in the SWE for lake sites. Figures 5.1 through 5.2 collectively illustrate 

the dual lake effect: lakes affect both local in situ snow distribution and the 19-37 GHz 

scattering differential. Figures 5.1a and 5.1b show a comparison of the in situ SWE and 

snow depth, respectively with the local lake fraction extracted from the 25km grid cell in 

which the measurement was taken. This shows that there is also a net SWE, density and 

depth change that the lakes are causing that is observable at satellite scales. Figures 5.2a 

and 5.2b show that both SWE and lake fraction modify the 19-37 GHz difference, with 

lakes more strongly affecting it than SWE. The R2 metric alone is used here because it is 

the only one of the group of performance metrics that is appropriate. The rationale for 

using the R2 coefficient here is to illustrate gross differences in variance. From 

inspection it can be seen that the lakes are more strongly affecting the 19-37 channel 

difference than the SWE is. Note the relative R2 values for Figure 5.2 where lake fraction 

seems to more strongly affect the scattering differential than the SWE does. In itself, this 

does not necessarily imply an exclusively emissive or distributive effect, with the 

different snow depths and densities on lakes and land causing some effect in this 

scattering differential.



62

Figure 5.1. Lake effects on snow distribution, a) In situ snow depth compared with 
lake fraction, b) In situ SWE compared with lake fraction. Lakes have a thinner, denser 
snow pack than surrounding terrain, which is possibly detectable here at the 25km grid. 
This conforms to results from Sturm and Liston (2003).
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Figure 5.2. Lake and SWE effects on brightness temperature difference, a) SWE
modifies the 19-37 channel difference, as stated by previous research, b) Lakes also 
modify the 19-37 scattering difference. Lakes can therefore modify the brightness 
temperature difference through modifying the emissive characteristics of a grid cell and 
the snow distribution within that grid cell.
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5.2 Brightness temperature channel difference evolution analysis

To observe the effect of lakes on the brightness temperature evolution, the daily 

brightness temperatures from all channels and polarizations of AMSR-E and SSM/I were 

extracted for all of the grid cells used in this study as well as the 25km grid cell covering 

a portion of Teshekpuk lake, which is located between the Barrow and Kuparuk study 

areas. Three grid cells were selected based on their lake fraction, with a low lake fraction 

cell (row: 68, column: 211 -  named here as “LowF” -  3.1% lake fraction), a high lake 

fraction cell (row: 78, column: 204 -  named here as HF -  25.6% lake fraction) and the 

Teshekpuk lake cell (row: 74, column: 207 - abbreviated “Tesh” -  71.5% lake fraction) 

for an almost-pure pixel representation. Figure 5.3 highlights these three cells among the 

others of the study areas. Analysis of adjacent cells within the study area with differing 

lake fractions and distant cells within the study area with similar lake fractions indicated 

that the differences observed were not due to geographical distribution, but were due to 

lake fraction variation.
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Figure 5.3. Location of the three grid cells used for the brightness temperature 
evolution comparison. Cell HF is in the Barrow study area, LowF is in the Kuparuk 
study area, and the Teshekpuk cell covers a portion of Teshekpuk Lake.

In assessing the brightness temperature channel difference evolution, it is important to 

show the actual brightness temperature evolution as well. It is the microwave brightness 

temperatures that are responding to physical processes at the surface. The brightness 

temperature evolution is an important foundational concept to explore before examining 

the channel difference evolution. Figures 5.4, 5.5, 5.6, 5.7, and 5.8 illustrate the 6 GHz, 

10 GHz, 18 GHz, 37 GHz and 89 GHz brightness temperature evolutions for the three 

grid cells, respectively.
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Figure 5.4. 6 GHz brightness temperature evolution over 2004-2005. Gray areas at 
the left and right edges of the graph denote summer conditions, and the white central area 
denotes winter conditions. Missing data appears as spikes dropping below the visible 
portion of the graph.
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Figure 5.5. 10 GHz brightness temperature evolution over 2004-2005. Gray areas at 
the left and right edges of the graph denote summer conditions, and the white central area 
denotes winter conditions. Missing data appears as spikes dropping below the visible 
portion of the graph.
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Figure 5.6. 18 GHz brightness temperature evolution over 2004-2005. Gray areas at 
the left and right edges of the graph denote summer conditions, and the white central area 
denotes winter conditions. Missing data appears as spikes dropping below the visible 
portion of the graph.
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Figure 5.7. 37 GHz brightness temperature evolution over 2004-2005. Gray areas at 
the left and right edges of the graph denote summer conditions, and the white central area 
denotes winter conditions. Missing data appears as spikes dropping below the visible 
portion of the graph.
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Figure 5.8. Brightness temperature evolution over 2004-2005. Gray areas at the left 
and right edges of the graph denote summer conditions, and the white central area 
denotes winter conditions. Missing data appears as spikes dropping below the visible 
portion of the graph.
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It can be seen from the Figures 5.4 -  5.8 that there is a conflicting trend in brightness 

temperature evolution with low lake fraction cells and high lake fraction cells. There is 

also a frequency dependence, as the signal changes somewhat with increasing frequency. 

In Figure 5.4 it can be seen that there is a general decrease in brightness temperature for 

lake poor cells, while there is a general increase in brightness temperature with lake rich 

cells during the winter period. These opposing trends can be seen in general with all of 

the frequencies, though the differences become less obvious at higher frequencies until 

the 89 GHz frequency is reached, where it appears that there is no significant difference 

between the two.

At lower frequencies, it appears that lakes within a grid cell tend to stabilize brightness 

temperatures, both in time and in frequency. Note the similarity in the Tesh and HF 

curves both in time and in frequency. It would appear that higher frequencies are less 

sensitive to lakes and are more sensitive to scattering effects within the snow pack. At 

lower frequencies, particularly the 18 and 37 GHz channels, increasing brightness 

temperatures seem to indicate increased self-emission from the lake ice layer as it 

thickens, partially masking the effect of liquid water below the ice.

These plots help contribute to an understanding of the temporal effects involved in 

scattering as described by the various channel differences. When the brightness 

temperatures were extracted, channel differences were computed to compare similar 

channel differences with SSM/I, specifically the 18-37 channel difference from AMSR-E 

to the 19-37 channel difference from SSM/I. Also, lower-frequency differences were 

compared to see if lake behavior was evident at lower frequencies. In all, the 6-37 

(Figure 5.9), 10-37 (Figure 5.10), and 18-37 (Figure 5.11) channels were differenced, 

with each channel difference containing 3 curves, one each for the LowF, HF and Tesh 

cells. Due to high day-to-day variations and atmospheric effects, the 89 GHz channel 

was not included in these differencing comparisons.
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Figures 5.9, 5.10 and 5.11 can be viewed as a series, differencing the 6 GHz, 10 GHz and 

18 GHz channels, respectively, with the 37 GHz channel. It is apparent that the effect of 

lakes is more easily differentiable with the lower frequency channel differences 

(particularly 6 GHz-37 GHz, in Figure 5.9). However, it should be noted that the spatial 

resolution for the 37 GHz channel is approximately 5.4 times higher than the 6 GHz 

channel, which will significantly affect results, particularly depending on the size of the 

lakes and other terrain features in the region.

It is apparent from the 18-37 plot (Figure 5.11) that lakes do indeed have an effect on the 

brightness temperature evolution. There are several salient features to observe that 

revealed the processes driving this evolution. The general magnitude and trajectory of 

the LowF curve matches well with known snow accumulation and ablation curves, 

indicating that it is at least possible to infer snow pack properties using that channel in 

some portions of the study area. The HF cell is generally offset approximately 3 OK lower 

from the LowF cell, though it does not exactly follow the same trajectory. When 

compared with the Teshekpuk cell, it seems that there is some influence from a higher 

lake fraction, particularly in the summer and late spring. The Teshekpuk cell exhibits 

very little correspondence with the snow accumulation and ablation, which would seem 

to indicate that the lake emissive effect is almost totally masking the snow’s scattering 

differential signature. Figure 5.12 shows that the 19-37 channel difference for SSM/I has 

a very similar effect.
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Figure 5.9. AMSR-E 6-37 GHz brightness temperature difference evolution.
Channel differences for the time from 9/1/2004 to 8/31/2005. The LowF cell appears to 
follow snow accumulation, ablation and redistribution events, while the HF and Tesh 
cells show deviation increasing with lake fraction. Gray areas at the margins denote 
summer conditions where the channel differencing method does not apply. Missing data 
results in spikes which end at zero line.
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Figure 5.10. AMSR-E 10-37 GHz brightness temperature difference evolution.
Channel differences for the time from 9/1/2004 to 8/31/2005. The LowF cell appears to 
follow snow accumulation, ablation and redistribution events, while the HF and Tesh 
cells show deviation increasing with lake fraction. Gray areas at the margins denote 
summer conditions where the channel differencing method does not apply. Missing data 
results in spikes which end at zero line.
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Figure 5.11. AMSR-E 18-37 GHz brightness temperature difference evolution.
Channel differences for the time from 9/1/2004 to 8/31/2005. The LowF cell appears to 
follow snow accumulation, ablation and redistribution events, while the HF and Tesh 
cells show deviation increasing with lake fraction. Gray areas at the margins denote 
summer conditions where the channel differencing method does not apply. Missing data 
results in spikes which end at zero line.
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Figure 5.12. SSM/I 19-37 GHz brightness temperature difference evolution.
Channel differences for the time from 9/1/2004 to 8/31/2005. The LowF cell appears to 
follow snow accumulation, ablation and redistribution events, while the HF and Tesh 
cells show deviation increasing with lake fraction. Gray areas at the margins denote 
summer conditions where the channel differencing method does not apply. Missing data 
results in spikes which end at zero line.
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5.3 Creation o f snow depth, SWE, and lake fraction algorithms

In this research, four new algorithms for calculating SWE, snow depth, SSM/I-derived 

lake fraction and AMSR-E-derived lake fraction were created using the stepwise 

regression method. These four algorithms are the North Slope SWE, North Slope Snow 

Depth, the SSM/I Lake Fraction and AMSR-E Lake Fraction. The creation of these 

algorithms is outlined in sections 5.4 -  5.7, and the performance of these and the Chang, 

Kuparuk and Northern Prairie algorithms will be discussed in section 5.8.

5.4 North Slope snow depth algorithm

The North Slope snow depth algorithm was created by performing a stepwise regression 

using pentad-averaged SSM/I brightness temperatures and percentage grid cell lake 

fraction for independent variables with in situ snow depth as a dependent variable. This 

estimation algorithm (Eq. 5.1) used the lake fraction and 19V channel as input variables. 

The remaining parameters did not achieve a low enough p-value to include in the 

regression and as such did not significantly affect the results. The snow depth algorithm 

equation is defined as:

Snow Depth [mm] = 2113.87-1103.63 * ( L F ) ~ 6.47 *(19F) Eq 5 1

where LF is the fractional lake cover in percent and 19V is the vertically polarized 19 

GHz channel.

5.5 North Slope SWE algorithm

The North Slope SWE algorithm was created by performing a stepwise regression using 

pentad-averaged SSM/I brightness temperatures and percentage grid cell lake fraction for 

independent variables with in situ SWE as a dependent variable. The SWE algorithm
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(Eq. 5.2) used the lake fraction, 19V, and 85V channel as input variables. The remaining 

parameters did not achieve a low enough p-value to include in the regression and as such 

did not significantly affect the results. The North Slope SWE algorithm equation is 

defined as:

5PT£[/m/m] = 755.96-158.17(ZF)-3.65(19F) + 1.28(85K) Eq 5 2

Where LF is the fractional lake cover in percent, 19V is the vertically polarized 19 GHz 

channel and 85V is the vertically polarized 85 GHz channel.

The 85V channel here was only marginally significant in the regression, as can be seen 

by its relatively small coefficient. High frequency channels may help characterize SWE 

through a scattering effect due to small scale density changes in the snow pack. The 85 

GHz channel was not included in the snow depth algorithm, though its significance was 

only slightly below the threshold. The utility of the high frequency channels is therefore 

unclear.

5.6 SSM/I -  derived lake fraction algorithm

The stepwise regression for computing SSM/I derived lake fraction utilized the daily 

brightness temperatures for the month of March for the time period from 1996 to 2006 to 

calculate lake fraction (Eq. 5.3). Here, all of the channels were statistically significant, 

though the 19H and 85H channels were the least significant, and only slightly affect the 

results.

SSM  / I  Lake Fraction [percent] =
-  7.5 + 0.11(1977)-0.77(19V)

-  0.67(37//)+ 1.72(37F)

+ 0.06(85//)-0.25(85F) Eq 5 3
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5.7 AMSR-E -  derived lake fraction algorithm

The stepwise regression for computing AMSR-E derived lake fraction utilized the daily 

brightness temperatures for the month of March for the time period from 2003 to 2006 to 

calculate lake fraction (Eq. 5.4). Again, most of the channels and polarizations were 

statistically significant, indicating that there is a significant degree of lake effect across 

most of the channels.

AMSR -  E Lake Fraction [percent] =
101.52-0.33(6//)-0.44(6F)

-1.9(1 OF) -0.81 (18//) + 3.3 (18F)
+0.5 (3 7 //)-0 .5 (3 7 F ) -0.21(89 F) Eq 5 4

Refer to Table 5.1 for a comparison of the algorithms developed for this study with the 

previously developed algorithms.

The algorithms produced in this investigation are different from previous ones in that 

they have no channel difference terms. Previous algorithms used the physics of the 

scattering differential as a justification for using the 19 GHz and 37 GHz passive 

microwave channels, which is reasonable when there is a simple snow pack and little 

sub-grid variability but, as the lake fraction algorithm shows, there is a complex, 

broadband effect that lakes have at most or all of the frequency bands utilized for these 

studies. The scattering differential effect remains, but it is complicated through the 

presence of a list of factors, including lakes, depth hoar (Koenig and Forster 2004), snow 

pack stratification (Kelly, Chang et al. 2003; Derksen, Walker et al. 2005) and possibly 

others. Attempted stepwise regressions using channel differencing terms had lower 

performance than single channels. This is likely due to the broad-spectrum effect that 

lakes have on microwave signatures.
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5.8 General comparisons

Before comparing the algorithms performances, it is illustrative to show the correlations 

of the variables with each other. Table 5.1 shows a correlation table of the variables. 

Table 5.1 Variable correlation table. Channel names represent brightness
temperatures acquired at those frequencies and polarizations.

19H 19V 37H 37V 85H 85V LF Depth SWE density
1 9 H 1 . 0 0 0 . 8 3 0 . 9 1 0 . 8 3 0 . 6 9 0 . 5 3 0 . 4 1 - 0 . 3 5 - 0 . 3 4 0 . 0 7
1 9 V 0 . 8 3 1 . 0 0 0 . 8 4 0 . 8 9 0 . 6 6 0 . 5 6 0 . 4 2 - 0 . 3 7 - 0 . 3 9 0 . 0 5
3 7 H 0 . 9 1 0 . 8 4 1 . 0 0 0 . 9 7 0 . 7 1 0 . 5 8 0 . 5 7 - 0 . 4 2 - 0 . 3 5 0 . 2 0
3 7 V 0 . 8 3 0 . 8 9 0 . 9 7 1 . 0 0 0 . 7 2 0 . 6 4 0 . 5 9 - 0 . 4 2 - 0 . 3 5 0 . 2 2
8 5 H 0 . 6 9 0 . 6 6 0 . 7 1 0 . 7 2 1 . 0 0 0 . 9 6 0 . 3 2 - 0 . 2 7 - 0 . 1 9 0 . 1 4
8 5 V 0 . 5 3 0 . 5 6 0 . 5 8 0 . 6 4 0 . 9 6 1 . 0 0 0 . 3 0 - 0 . 2 2 - 0 . 1 2 0 . 1 8

L F 0 . 4 1 0 . 4 2 0 . 5 7 0 . 5 9 0 . 3 2 0 . 3 0 1 . 0 0 - 0 . 5 1 - 0 . 3 3 0 . 4 6
D e p t h - 0 . 3 5 - 0 . 3 7 - 0 . 4 2 - 0 . 4 2 - 0 . 2 7 - 0 . 2 2 - 0 . 5 1 1 . 0 0 0 . 8 5 - 0 . 3 0
S W E - 0 . 3 4 - 0 . 3 9 - 0 . 3 5 - 0 . 3 5 - 0 . 1 9 - 0 . 1 2 - 0 . 3 3 0 . 8 5 1 . 0 0 0 . 1 8

d e n s i t y 0 . 0 7 0 . 0 5 0 . 2 0 0 . 2 2 0 . 1 4 0 . 1 8 0 . 4 6 - 0 . 3 0 0 . 1 8 1 . 0 0

It is important to note several features of the table. The values of lake fraction are 

positively correlated with brightness temperature, and are negatively correlated with 

SWE and snow depth. Also, the 37 GHz channel seems to be most affected by lakes.

The algorithms developed in this research and those used previously are compared with 

several standard performance metrics. Some of the performance metrics provide general 

goodness-of-fit measures and can be used to rank or compare these algorithms regardless 

of the parameter being measured, while others must be grouped with similar algorithms 

to provide meaningful results. For instance, comparing the RMSE of a lake fraction 

estimation with the RMSE of a snow depth estimation is inappropriate because they have 

different units. However, the COE of both may be compared because the COE ranks the 

algorithms by their relative descriptive ability, regardless of the actual parameters 

measured. Table 5.2 contains a summary of the relative performances of the lake fraction 

estimation algorithms studied here, and Table 5.3 contains a comparison of the 

performances of SWE and snow depth algorithms.
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5.9 Lake fraction estimation algorithm comparisons

Table 5.2. Lake frac ion estimation algorithm performance comparison table.

Table 5.4 shows the superiority of the AMSR-E sensor for estimating lake fraction. This 

is due to the presence of the low-frequency channels and their ability to further 

discriminate lake cover from other effects. The performance of these lake fraction 

estimation algorithms is striking and illustrates an important aspect of the role that lakes 

play in modifying brightness temperatures. The algorithms performance relative to each 

other shows the importance of low frequency channels (6 GHz and 10 GHz) for 

discriminating lake fraction, which implies that lakes heavily modify those channels. 

Also, the performance of both of the algorithms relative to the performance of SWE and 

snow depth algorithms (both those developed in this investigation and those developed 

previously) shows that lakes have a dominant effect on microwave brightness 

temperatures. These lower frequencies will likely be important in future SWE and snow 

depth algorithms.

Performance metric SSM/I-LF AMSR-E-LF

E? 0 . 5 1 0 . 7 4

COE - 0 . 1 6 0 . 7 4

RMSE r%i 1 9 . 7 7 . 4

MAE !%1 1 8 . 0 5 . 0
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5.10 Snow parameter estimation algorithm comparison

Table 5.3. Snow parameter estimation algorithm performance comparison table. 
Parenthetical values for the RMSE and MAE of the North Slope snow depth 
algorithm are the RMSE and MAE multiplied by the 0.3 g/cm3, which is the same as 
the Chang snow density assumption. The values of snow depth are then in terms of 
SWE for comparison with the other SWE algorithms.______________________

Performance Chana Kuparuk Northern North Slope North Slope

metric SWE SWE Prairie SWE snow depth SWE

E i 0 . 0 8 0 . 0 0 7 0 . 0 7 0 . 2 9 0 . 2 0

COE - 0 . 0 6 - 0 . 2 4 - 1 . 2 8 0 . 2 9 0 . 2 0

RMSE Imml 5 0 . 3 5 4 . 6 7 3 . 9 1 4 7 . 0
( 4 4 . 1 ) 4 3 . 7

MAE Imml 3 9 . 3 5 3 4 2 . 0 6 1 . 2 1 1 2 . 2
( 3 3 . 7 )

3 3 . 4

Perhaps the most effective way to display the performance ranking of the algorithms is to 

have a scoring table such as Table 5.4. Each algorithm is ranked in order of comparative 

performance, with 1 being the best performer to 5 being the worst. The averaged rank 

values for each algorithm then give an overall rank, with the lowest values ranking best 

and the highest values the worst. This method ranks algorithm performance relative to 

other algorithms, though it does not illustrate the magnitude of the differences between 

the algorithms. Performance for the North Slope Snow Depth and SWE algorithms was 

significantly better than the other algorithms, even more than the simple ranking scheme 

would imply.
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Table 5.4. Algorithm performance scoring table. The row displaying the overall 
rank indicates the relative performance of the algorithms. “1” indicates the best 
performance, and “5” indicates the worst. The North Slope SWE and North Slope 
snow depth algorithms tied for first or second place in this assessment, and 
ultimately offered very similar performance.___________________________________
Performance Chans Kuparuk Northern Prairie North Slope North

metric SWE SWE SWE snow depth Slope SWE

£ 3 5 4 1 2
COE 3 4 5 1 2
RMSE 3 4 5 2 1
MAE j 4 5 2 1

Overall Rank 3 4 5 L I I z l“

Figure 5.13 and Figure 5.14 illustrate the relative error expressed as a percentage of lake 

fraction in the case of Figure 5.13 and SWE and snow depth in the case of Figure 5.14. 

The implication here is that the relative error of estimation increases rapidly as the in situ 

value decreases. As the in situ value decreases, the effect on the microwave signal also 

decreases, which decreases the signal-to-noise ratio. Thus grid cells which have very 

small in situ lake fractions, or have very shallow snow packs are unreliable for the 

estimation of these parameters. The relative performance of algorithms can also be 

qualitatively assessed here. For instance, low lake fraction cells cause much higher error 

rates for the SSM/I derived algorithm than for the AMSR-E algorithm. This would imply 

that the lower frequency channels provide important information leading to better 

performance. This is reinforced by the importance of the lower frequency channels in the 

AMSR-E lake fraction estimation algorithm.
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Figure 5.13. Comparison of lake fraction estimation relative error, a) Comparison 
of relative error of AMSR-E lake fraction estimation with in situ lake fraction, b) 
Comparison of relative error of SSM/I lake fraction estimation with in situ lake fraction. 
Plots indicate increasing error for grid cells with small fractional lake cover. Lower 
magnitude of error for AMSR-E lake fraction estimation indicates better estimation. In 
situ lake fraction, the x-axis for these plots, denotes lake fraction derived by the cover 
type map.
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Figure 5.14. Comparison of the relative errors produced by the snow parameter 
estimation algorithms. Shallow snow depths and low SWE values tend to have higher 
associated relative errors.

5.11 Summary discussion

The R2 and COE values of the AMSR-E and SSM/I-derived lake fraction indicate that 

lakes are a dominant surface feature at microwave frequencies, such that they 

contaminate or obscure the effect of the 19-37 GHz scattering differential. Additional 

support for the significance of the lake effect is the level of performance achieved by its 

inclusion as an input parameter, and the relative significance the lake fraction plays as 

compared to the other parameters. Inclusion of the lake fraction leads to clearly superior 

estimation of SWE and snow depth as indicated by the higher R2 and COE values, as well 

as smaller RMSE and MAE. In both the SWE and snow depth regressions, the lake
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fraction plays a role that is two to three orders of magnitude higher than the brightness 

temperatures. Some of this may be accounted for by the one order of magnitude 

difference in typical values of the input parameters (brightness temperatures are 

measured in the hundreds, lake cover fractions are at most in the tens), but the lake 

fraction remains a dominant term. During the creation of the stepwise regressions, the 

lake fraction was always the first parameter to be added, and often accounted for a 

majority share of the performance.

The question to reflect on is why SWE estimation is improved with the inclusion lake 

fraction, and why the traditional 19-37 difference performs poorly in lake rich areas, such 

as the Alaska North Slope. The answer to this likely depends on two primary effects: the 

spatial scale of cover type variability and characteristic microwave emission from lakes. 

In regions where algorithms making use of the 19-37 difference yield relatively good 

results, the snow packs are stratigraphically simpler than on the North Slope, and are very 

homogeneous on large spatial scales. The areas on the ground that contribute to a grid 

cell do not contain features that are substantially different than the features that are within 

that grid cell. It would then appear that the 19-37 difference is a secondary effect that is 

real, but is easily contaminated when stronger effects from other cover types are present 

or nearby. Lakes have been shown to have a broad-spectrum effect on microwave 

brightness temperatures, which would cause them to obscure the 19-37 difference. The 

scattering effect remains, but is only a component in the larger system and cannot be 

relied upon in itself to be an index of SWE or snow depth when there is a significant (>

10%) lake cover fraction in the region.
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We are initially confronted with two main facts: (1) Lakes have different snow depths 

and snow densities (and therefore different SWE’s) than corresponding land locations 

and (2) lake-rich grid cells have different brightness temperatures and different brightness 

temperature evolutions than lake-poor cells. Lakes therefore have at least two main 

effects: (1) they modify the local in situ snow depths and snow densities such that the 

brightness temperature is modified because the sensor sees a shallower and higher density 

snow pack than it would from a lake-free pixel, and (2) lakes exhibit a characteristic 

emissive effect that is different from the surrounding land surface due to the presence of 

lake ice with liquid water beneath. The in situ snow distribution modification and 

emissive effect of lakes have been previously noted in literature (Hall, Foster et al. 1981; 

Chang, Foster et al. 1997; Sturm and Liston 2003), and the findings of this research agree 

with that conclusion. This is best illustrated in Figures 5.1 and 5.2 where snow density 

and SWE are measurably affected by lake fraction at the passive microwave spatial 

resolution scale and that both lake fraction and SWE affect the 19-37 scattering 

differential. This is also visible in the brightness temperature evolution plots where the 

curves for increasing lake fractions show quite different trajectories than lower lake 

fraction cells. The scattering effect is seen, though it appears to be a secondary effect and 

is easily overshadowed by the effect of lakes. Figures 4.5 and 5.4-5.12 illustrate this 

phenomenon.

Previously published algorithms showed poor performance in regions with high lake 

fraction. However, the inclusion of the lake fraction parameter in the stepwise regressions 

for snow depth and SWE show it to be a dominant feature. Further, the scattering 

differential that previous algorithms were based on is shown to be ineffective at 

characterizing SWE and snow depth in grid cells with high lake fraction. The much 

better performance of the lake fraction estimation algorithms compared with the snow 

depth and SWE algorithms shows that lakes are an important feature at microwave

Chapter 6 Conclusions
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wavelengths. The higher performance of the AMSR-E lake fraction estimation algorithm 

shows that the 6 GHz and 10 GHz channels, that are not available on SSM/I, further 

improve discrimination of lake features. The broad-spectrum nature of these algorithms 

illustrates the complex emissive effect that lakes have across this area of the 

electromagnetic spectrum. This also shows the tendency of lakes to overwhelm the 19-37 

scattering differential which is the underlying physical basis of most snow depth and 

SWE estimation algorithms. There are several possibilities for how to effectively address 

this issue from the standpoint of operationally extracting SWE from lake-rich regions. 

The first is to realize that brightness temperature differencing methods essentially do not 

work in lake-rich areas, so their use should be restricted to regions with fewer lakes and 

homogeneous cover types. For obtaining SWE and snow depth in lake-rich areas, a 

broad-spectrum direct brightness temperature approach which includes lake fraction 

should be applied. This will result in improved SWE and depth estimation, and further 

research should be done to improve performance. Combining in situ ground truth data 

with a snow distribution model and a remote sensing observational approach similar to 

the one taken for this research will likely provide better results.

This research was limited by several things, particularly passive microwave spatial 

resolution. Spatial resolution on orbiting passive microwave sensors is too coarse to 

adequately resolve important surface details such as lakes and is the underlying factor of 

nearly all of the confounding factors listed in chapter 3. There were no pure lake pixels 

that could be used to investigate lake processes important to microwave emission, which 

led to uncertainty in the actual emissive effects that lakes produced. Snow conditions are 

also particularly variable on the North Slope, which contributed to uncertainty in 

estimations. These snow packs are highly stratified vertically, with density modification 

from depth hoar and wind altering the snow density. Spatial snow distribution is also 

highly variable, with wind, vegetation and topography playing major roles in the 

distribution and redistribution of snow. These conditions coupled with the coarse spatial
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resolution made it impossible to isolate the interconnected effects of lakes, snow density, 

and snow distribution.

It should be stressed as well that the scope of application for this research is to the late 

winter period. All of the ground data was acquired during the months of March and 

April, and therefore all attempts to characterize snow conditions are done with 

knowledge of actual ground conditions restricted to the late winter period. Broad 

generalizations can be made as to processes that occur earlier in the winter, but applying 

the algorithms presented here during any other time of the year than the late winter period 

could possibly lead to inconsistent results.

The issue of lakes freezing to their beds, whether only at the margins or across the entire 

lake, is important. In this investigation, self-emission from developing lake ice can be 

seen in increasing brightness temperatures, and sections of lakes which have frozen to 

their beds will also impact microwave brightness temperatures. Lakes which have frozen 

to their beds will have the same snow distribution effect as lakes with floating ice, though 

the microwave emission response will become closer to the emission response of dry soil. 

Synthetic Aperture Radar (SAR) has been shown to effectively delineate lake sections 

which have floating ice and sections which have grounded ice (Jeffries, Morris et al. 

1996). The use of SAR data will yield valuable insights into processes relating to lake 

ice growth and the emissive characteristics of liquid water beneath lake ice.

There is much future research desired in this area. There would be two main paths that 

would be beneficial to pursue: research on ways to improve sensors and orbital geometry 

with an intent to increase spatial resolution, and multi-scale snow research investigating 

the connection between small-scale variability and the large-scale 25 km resolution grid. 

High-resolution (<4 km) passive microwave radiometers do not currently appear to be a 

high priority among space agencies. Higher spatial resolution would improve the spatial 

accuracy of SWE estimations and reduce the pixel heterogeneity problem, though the
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situation would likely present itself again, only at smaller spatial scales. Therefore, it 

would be beneficial to focus on snow research using intensive field campaigns, 

combining in situ snow depth and SWE measurements with tripod-mounted radiometers 

and airborne radiometers to fully investigate the effects of lakes, floating and grounded 

lake ice, snow density, grain size and distribution. In fact, this is the path that several 

current research groups, particularly in Canada, have chosen. Further, new field 

campaigns which obtain in situ SWE and snow depth that would allow the creation of 

SWE and snow depth algorithms using the AMSR-E sensor would likely result in 

improved estimation. Improvements in SWE and snow depth estimation resulting from 

this research could be applied to the entire passive microwave time series (more than 30 

years of data), resulting in important knowledge gains of previous, current, and future 

climate states.
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Appendix A Acronyms
AMSR-E Advanced Microwave Scanning Radiometer - EOS

COE Coefficient of Efficiency

CRREL Cold Regions Research and Engineering Laboratory

DMSP Defense Meteorological Satellite Program

DN Digital Number

EOS Earth Observing System

ESMR Electrically Scanned Microwave Radiometer

HDF Hierarchical Data Format

HF High lake fraction grid cell

LF Lake fraction

LowF Low lake fraction grid cell

MAE Mean Absolute Error

NSIDC National Snow and Ice Data Center

RMSE Root Mean Squared Error

SDS Scientific Data Set

SMMR Scanning Multichannel Microwave Radiometer

SSM/I Special Sensor Microwave Imager

Tesh Teshekpuk lake grid cell

TIR Thermal Infrared

WERC Water and Environmental Research Center


