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Abstract

How much solar radiation a surface absorbs depends on the reflective properties of
the specified surface, snow and ice are two surfaces on Earth that have shown to have
high albedos due to their reflective properties. To date, albedo schemes are limited
to simple parameterizations and to high complexity (also referred to as general circu-
lation) models, the latter being computationally expensive options that require high
spatial and temporal resolution, making their usage limited. Models of intermediate
complexity (EMICs) aim to be as accurate as general circulation models over similar
time scales, and with less computational power. However, for albedo there is as of
yet, no appropriate well-tested representation in EMICs. The objective of this thesis
was to develop, and test a ‘new’ parametrization scheme for Earth’s seasonal surface
albedo; for all terrestrial ice, seasonal snow, and marine ice surfaces. Key variables
(wavelength, temperature, snow depth and time) were determined using theoretical
schemes and existing data sets were looked at in order to validate the parametrization.
However, as data were limited, it was only possible to test a few snow schemes: linear-
albedo, linear-albedo for VIS/NIR bands, and polynomial-albedo. It was possible to
adjust the polynomial scheme to consider VIS and NIR bands; the results conclude
that the polynomial scheme that considers band albedos was the most successful

scheme achieved.
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Chapter 1

Introduction

1.1 Solar Radiation

The sun is known to radiate energy at a wide range of wavelengths (see Figure 1.1),
this range is known as the solar spectrum. It can be observed that the magnitude of
radiated flux varies with wavelength, and that it radiates at the strongest intensity
in the visible range (400 - 750 nm or 0.4 - 0.75 pum); therefore, shortwave radiation is
the main focus of this paper, and should be the main focus for albedo schemes, as it

is the type of radiation that governs the energy input of the Earth.
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Figure 1.1: The Standard Solar Spectrum [NASA, 1974].



1.2 Albedo

When solar radiation is incident on a surface the laws of optics tell us that a fraction of
the incoming radiation will be reflected at the interface of the two media, while the rest
of the radiation is absorbed by the surface [Coakley, 1914]. The fraction of reflected
radiation at a surface is then dependent on the intensity and spectral (wavelength)
distribution of the incident solar radiation, as well as on the reflective properties of
the surface in question. The fraction of total reflected radiation is commonly referred
to as albedo.
Albedo is a dimensionless quantity that is expressed as the ratio of the total
reflected radiation S*?, against the total incident radiation S%wn:
o= o (1.1)

sol—spec Sdown

where the radiative flux ratio is integrated over the entire solar spectrum. Therefore,
it is referred to as broadband albedo [Oerlemans, 20010]. If instead, the integration of
the ratio is carried over a specific wavelength range (or band), then they are referred
to as band or narrow band albedos. Band albedos are of particular interest because
the albedo of a surface has different values at different wavelengths, which in turn
depend on the surface’s reflective properties.

By definition, albedo values are constrained on the interval 0 < a < 1. Therefore,
high albedo values indicate that the specified surface is reflecting the majority of the
total incident radiation, such that as « — 1, all incident radiation is reflected (an ideal
reflector), whereas low albedo values indicate that the specified surface is absorbing
a large amount of the total incoming radiation, such that as &« — 0 all incoming

radiation is absorbed (a black body).



1.2.1 The Importance of Albedo

It is known that on average, the albedo at the top of the Earth’s atmosphere is about
30% (or 0.3), but varies widely (from about 10% to 90%) across the Earth’s surface,
and over the seasons (as changes in the physical properties of a surface will impact
its reflectivity). Therefore, albedo determines how much radiation is absorbed by
the Earth; it then follows that albedo plays a key role in the climate by impacting
the energy budget of the Earth directly, which has been noted in several studies (e.g
[Kushnir, Y, 2000]).

The energy budget of the Earth strongly impacts snow and ice surfaces, as the
recent loss of ice and snow due to Global Warming allows the possibility for positive
feedback [NASA, 2009]; therefore, an accurate representation of albedo for these type

of surfaces in climate modelling is of importance.

1.3 Climate Modelling

Global climate models (GCMs) are a useful tool for understanding the planet’s com-
plex systems, testing theories, and making predictions of the climate over large
timescales, among several other applications. The National Oceanic and Atmospheric

Administration (NOAA) breaks down the main components of climate models:

e Atmospheric component: simulating clouds, energy and water transfers.

e Land component: simulating vegetation, snow cover, rivers, soil water, as well

as C'Oq stored in the soil.

e Ocean component: simulating ocean currents, mixing, and relevant bio-geochemical
processes. This component is crucial as the ocean is the largest reservoir (and re-

distributor) of heat and carbon in the Earth, highlighted on 2019 by the IPPC’s



Special Report on Ocean and Cryosphere in a Changing Climate.

e Sea ice component: determining solar radiation absorption and simulating air-

sea heat and water transfers.

The NOAA explains that climate models section the Earth into a three-dimensional
grid of separate cells, in which each grid cell will represent specific geographic locations
and elevations; that is, the Earth is pixelated. For this reason, the term resolution
is used is to make reference to the grid size and even time-steps (temporal resolu-
tion). In order for grid cells to represent different regions of the planet, there is an
associated set of numerical equations to each grid cell; the equations depend on the
available input, and on a set of climate variables (i.e. temperature, pressure, moisture,
etc). In order to model the components above, it is necessary to model how the grids
interact with one another as a coupled system, accounting for matter and energy
transfer processes (conservation of energy and momentum). The grid size depends
on the computer power available to solve for the numerical equations on each grid
cell. Therefore, a finer resolution and a more complex scheme will demand additional
computer power in order to perform the simulation, as well as vast internal storage to
store and process the simulated data. GCMs aid scientists to determine the degree to
which the observed climate changes are driven by natural variability, human activity,
or a combination of both [NOAA, no date]. Their data and predictions provide es-
sential information that allows to better inform decision making at national or global

levels (e.g. the IPCC reports).

"Climate modelling at GFDL requires vast computational resources,
including supercomputers with thousands of processors and petabytes of

data storage." (GFDL, no date)



1.4 Problem

To date, albedo schemes are limited to highly simplistic parameterizations and high
complexity options that require a high spatial and temporal resolution. In order for
the latter to achieve the desired accuracy and resolution, great computational power
is needed, which are very expensive options, thus, making their usage very limited.
Earth system models of intermediate complexity (EMICs) aim to be accurate over
long time periods with less computational power. They are the bridge between the
simple climate models and the computationally expensive general circulation models.

For albedo there is as of yet no appropriate well-tested representation in EMICs.

1.5 Objective

The objective of this thesis is to develop, test, and validate a ‘new’ parametrization
scheme for Earth’s seasonal surface albedo for all terrestrial ice, and seasonal snow
surfaces. These surfaces are the focus of this thesis as snow and ice albedo have a
very strong influence on the climate and on the surface energy balance [Klok and
Oerlemans, 2004]. The parametrization scheme should be an adequate scheme for

EMIC’s.



Chapter 2

Literature Review

2.1 Theoretical Description of Snow and Ice Albedo

The albedo of snow and ice changes constantly throughout the year. Oerlemans
explains that fresh snow has the highest albedo values. As time passes, the aging
of the snow is related to changes in its crystal structure, that lead to a lowering in
albedo. Particularly in summer, further melting and accumulation of impurities at
the surface affect its structure, causing further decline [Oerlemans, 2010].

The aging of snow has been discussed in previously developed theoretical schemes
for albedo, where the optical theory of the reflective properties of snow and ice is
discussed in detail. Highlighting that snow surfaces can be described as a collection
of solid water (ice) spheres with the same specific surface area and an effective radius r,
[Gardner and Sharp, 2010]. As reflections occur at the boundary between two different
mediums, they summarized snow albedo’s behaviour through statistical analysis. A
larger spherical grain radius increases the average travel path of the photons within the
ice grain, which increases the probability of their absorption. While a smaller radius

shortens the travel path, increasing the number of air-ice interfaces, thus, increasing



the probability for a photon to be reflected out of the snowpack. On the other hand,
Warren et al. determined that ice albedo is governed by size and distribution of air
bubbles, and cracks within the ice. That is because the more air-ice interfaces or
the larger the surface area of the interface, the greater the probability for a photon
to encounter an interface where they get reflected out. On ice particularly, liquid
water greatly reduces shortwave albedo as it increases transmittance by reducing the
number of air-ice boundaries that exist near the surface of the ice (ice cracks filled by

water) [Warren et al, 2002].

2.2 Wavelength Dependence

The wavelength dependance for snow and ice surfaces at different evolutionary stages
(age) has been documented in the characteristic spectral curves for ice, dirty ice, snow
and old snow of Zeng et al, in 1984, as well as in Gardner’s and Sharp’s theoretical
albedo parametrization in 2010. Both showing that nearly all radiation with A > 1.5
pm is absorbed within the first few millimetres of a the surface. That is, snow and ice
are absorptive in the near infrared (NIR: 750-1000 nm) spectrum, but good reflectors
in the visible (VIS) spectrum. Particularly, Zeng’s study showed that for both snow
and ice there is a near constant difference between the VIS-albedos and NIR-albedos
[Zeng et al, 1984]. From the spectral curves it can be observed that albedo for firn
at VIS wavelengths can match albedo values for snow at NIR wavelengths. As this
wavelength dependance, is as strong as the grain size (age) dependance. For an ice
surface there is a relatively constant difference between visible and near-IR [Knap et
al. 1999]. Wavelength should be then considered as a key variable for modelling snow
and ice albedo (see Figure 2.1).

Oerlemans explains that the albedo of pure ice has has been found to drop off faster
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Figure 2.1: Spectral Reflectance curves [Zeng et al, 1984].

(higher sensitivity) than the albedo of snow with increasing wavelength [Oerlemans,
2010]. However, when ice is sufficiently impure (dirty), its spectral dependence is
very weak [Zeng et al, 1984]. Therefore, when accounting for dirty ice in an model, it

should be considered to be wavelength independent.

2.3 Temperature Dependance

Temperature varies throughout the year, causing snow grains to be melted and re-
frozen, becoming ‘larger’ grains; increasing the probability of photon absorption. On
ice, the ice cracks are filled when melting occurs, increasing absorption probability as
well. As such, temperature dependance can approximately model snow and ice ages.

There exist several ways to account for the age of snow through temperature, the

ones considered are discussed in the subsections bellow.



2.3.1 Linear Interpolation

A particularly direct and efficient method to model the age of ice or snow is the linear
interpolation scheme. This approach has been carried out in previous studies (e.g.
[Roesch et al, 1999]) and used in several circulation models like ECHAM4,

T—T,

@ = Qmay — (amm) : ﬁ ) (21>

where the constants ., ,and «,,;, are the maximum and minimum characteristic
albedo values for snow, that is the characteristic value for new snow and the charac-
teristic value for old snow (firn) respectively. While the constants Tj and T, define
the limits for which this transformation occurs. The most commonly employed range
in literature is from Ty = - 10 °C to the melting temperature of water 7,, = 0 °C.
This is a very useful model as it can also model ice albedo by simply setting the
maximum and minimum characteristic albedo values to those of pure ice and melting
ice respectively, and by adjusting the temperature range. Similarly, it can be modified
to model the VIS and NIR bands for both snow and ice, giving four linear equations
in total, one each for snowVIS, snowNIR, iceVIS, and iceNIR; through which we can
model the broadband (final) albedo for snow and ice using a conversion scheme. This
scheme accounts for the strong impacts that wavelengths have on snow and ice albedo
as well the temperature dependance. It has has been widely used in the literature

(e.g [Collins, 2002]), as well as in climate models such as the NCAR.

2.3.2 Polynomial Interpolation

Another ‘simple’ scheme is the polynomial interpolation scheme by Roesch (1999),



a =05+ (—0.0758627) * T + (—5.5360168 E — 3) % T 22)
2.2

+(—5.2966269F — 5) * T + (4.2372742E — 6) * T* |

where the temperature 7" must be in units Celsius, and the constants were set such
that the scheme was designed to model broadband snow albedo range (0.8 > « > 0.5).
With a = 0.8 when T < -10 °C, and with o = 0.5 when T > 0 °C. This model has
been noted to perform best in comparison to the linear models, for a more detailed

description see Koltzow (2007).

2.4 Time Dependance

It is important to highlight that temperature solely does not account adequately for
snow evolution. If the temperature decreases, firn will not turn into new snow. That
is, temperature variations make snow grains coarser, not finer. Therefore, it is crucial
to highlight that there is a time dependance of snow that unrelated to temperature.

A simple albedo parameterization scheme that accounts for the age for snow was
developed [Oerlemans, and Knap, 1998]. Using data from the Morteratsch Automatic
Weather Station, they focused on the observed albedo exponential "behaviour’ and
considered the following variables as their main input parameters: global radiation,
snowfall dates, and snow depth. Showing that the albedo for snow can be modelled

as.

. J—1
asnow(z) = Ofirn + (afrsno - afirn) : eXp|:( - )} . (23)

This is a daily model where i indicates the time-step in the numeric equation (1

day in this case). Where J is the day of the last snowfall and 7 is the time scale
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that determines how fast the albedo of fresh/new snow (frsno) approaches albedo of
old snow (firn) after a snowfall. For this model, fresh snow is considered to be up to
one day old. As they had no data on snow falls, the snowfall day J was determined
through snow depth with the following algorithm:

If d(i) —d(i — 1) > 0.02 m, then i = J.

It is clear the key role that snowfalls play by adding new snow, on top of firn, ice
or whatever background surface is chosen. Therefore, transitions between snow and

other surfaces should be considered.

2.4.1 Snow-Ice Transitions

When there is a snow surface overlapping with an ice surface, if the snow layer is
not sufficiently thick it cannot be considered as uniform snow surface that can be
associated to a single albedo value. For this reason, Oerlemans and Knap account for

snow-ice transitions when the thickness is sufficiently small,

(1) = O (8) + [0 — e (i)] - exp( S0 (2.4)

where d* = 0.03 m is a characteristic scale for snow depth, and when d = d* snow
contributes 1/e to albedo. The depth ‘d’ could be taken to be an input parameter
from a particular data set or if needed be, a function of snow water equivalent or
another climate variable [Oerlemans and Knap, 1998].

When new snow overlays on top of pure white ice (with a 0.4 albedo), if the snow
depth is greater than 10mm thick then the snow albedo in the near-UV and visible
wavelengths (0.3 - 0.7 gm ) is minimally affected, and the albedo in the shortwave IR
(0.75 - 1.5 pm) is completely unaffected. While for very coarse snow (with an effective

radius 1 mm - 5 mm) the depth must be > 100 mm in order for its albedo to remain

11



unaffected in the near-UV [Gardner and Sharp, 2010]. Highlighting the importance
of age and wavelength dependance

These types of schemes are commonly called empirical, as they reproduce observed
behaviours shown by measured data. Oerlemans and Knap developed schemes that
consist of making albedo values transition exponentially from the characteristic value
of fresh snow (or grains with r. = 0.1 mm) to a representative value of old snow (r, =
1 mm) or from snow to ice when the there is not enough snow lying on top of an
ice surface. Oerlemans explained that ice albedo is time dependant, when pure ice
is exposed to the environment, it will lose its purity (becoming dirty ice). Dirty ice
depends on the several impurities which can land on or grow beneath the surface over
time, such as dust, dirt, carbon, aerosols or algae [Oerlemans, 2010].

Ice albedo’s dependance on ice thickness, can be modelled with a linear decrease
towards ocean albedo can be applied as thinner ice transitions into ocean surface, for
ice whose thickness < 0.25 m [Perovic and Grenfell, 1981]. Koltzow (2007) included
this on one of his several parametrization for sea ice; however, the lack of data did

not allow further testing and analysis of the model.

2.5 Clouds

Clouds filter out solar radiation with A > .8 pum, and based on a set of different
observational studies, he determined that multiple reflections between surface and
clouds play a key role in albedo, where multiple reflections between the surfaces and
the clouds cause a spectral shift towards the visible wavelengths [Oerlemans, 2010].
The broadband albedo for snow and ice increases with cloud optical thickness, as
clouds absorb IR and reflect VIS radiation, that is, clouds will reflect back any VIS

radiation already reflected by snow or ice [Gardner and Sharp, 2010]. The greater

12



the clouds optical thickness, the stronger the shift. The stronger the shift, the more

radiation is received in the visible spectrum where snow and ice are good reflectors.

2.6 Impurities

For both snow and ice, impurities located near the top of the surface are the ones that
have the greatest impact on albedo. The effect of all impurities can be summarized
by accounting for externally mixed carbon particles as they are more absorbent than
other impurities like dust or ash. These impurities lower snow albedo in the region
where absorption by ice is weakest (A < 0.9 um), and causing the greatest reductions
in albedo for coarse-grain type snow; on the other hand, for solar radiation with
A > 0.9 um, the effect of impurities on snow albedo is negligible since ice has already
a strong absorption at these wavelengths [Gardner and Sharp, 2010]. Highlighting
that snow and ice containing impurities reduce the spectral shift effect caused by
clouds by making the surfaces to be as absorbent as they would be in the Infrared.
This is a relevant role of impurities on snow and ice albedo, as it can greatly reduce
the albedo of a surface. A good analogy is the effect of green house gases trapping
energy within the atmosphere; while impurities trap energy within the surface, mak-
ing it prone to melting, causing further albedo lowering (which can cause positive

feedbacks). Therefore, it should be considered in models.

2.7 Solar Zenith Angular Dependance

Gardner and Sharp explain that the albedo of snow has been found to increase in
the near-IR region with increasing incident angle, as on average a travel path that is
closer to the surface is more likely to experience scattering as snow grains are often

smaller near the surface. Particularly, near-UV and visible wavelengths experience

13



such low absorption that albedo remains the same regardless of the incident angle,
and that very little energy from the sun is actually received at high zenith angles
[Gardner and Sharp, 2010]. This information allows us to discard solar zenith angle

as a key variable.

2.8 Spatial Variability

The United States Geological Survey contains data that can be used to determine the
land types: forested vs non forested, as well as the fractional snow covered area for

the western United States.

2.8.1 Glaciers

In the ablation area, the lateral variations in the albedo are much larger than the
altitudinal variations; however higher albedos are expected on the accumulation zone
of a glacier, while lower albedos are expected in the ablation area (Oerlemans, 2010,
p80). He also mentions that clean glacier ice is generally surrounded by debris-covered

ice (dirty ice) with typical value 0.15 .

accumulation

calving

Figure 2.2: The major components of the mass budget of a glacier. [Oerlemans, 2010]
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2.8.2 Snow on forested areas

The total snow albedo can be calculated based on the fraction of a grid cell covered

by forest (e.g. [Roesch et al, 1999]):

Asnow (1) = Ap(2) - Aporest (1) + Anons(2) - Asnow () (2.5)

The variable Ay is the fractional area of a grid cell that is covered by forest and

and A,ens is the fractional area that is nonforested, that is Ao, (7)) = 1 — A (7).

2.9 Data

2.9.1 Analyzed Data

All data used for the model was obtained from the Arctic Data Center. An online
platform where scientists share, discover, access, and analyze data about the Arctic.
Most files uploaded into the platform are NetCDF files. NetCDF files are a set of
scientific software libraries and data formats that support the creation, access, and
sharing of array-oriented data. Several data sets were looked at. However, only a few
sets were found to have a few of the variables that were needed for the model, others

did not have the minimum required variables. The chosen data files were:
e NetCDF data: from Dye2 surface in Greenland from Baptiste Vandecrux (2018).

e NetCDF data: from Crawford Point surface in Greenland from Baptiste Van-
decrux (2018).

e NetCDF data: from Model simulations from Modele Atmosphérique Régional
(MAR) over Greenland (2016). This data set simulates all of Greenland though

a grid with a spatial resolution of 25km.

15



2.9.2 Characteristic Albedo Values for Different Surfaces

The characteristic albedo values for different surfaces have been documented by several
studies. The following values were ones the chosen in order to maintain consistency in
the ranges. In both studies Roesch modelled albedo under the common temperature

range, from -10 °C to 0 °C.

e New-snow: a = 0.8 (Roesch thesis, 1999).

Old-snow: o = 0.5 (Roesch thesis, 1999).

New-snowVIS: o = 0.95 (Roesch et al, 2002).

New-snowNIR: a = 0.65 (Roesch et al, 2002).

Old-snowVIS: a = 0.57 (Roesch et al, 2002).

Old-snowNIR: a = 0.39 (Roesch et al, 2002).

16



Chapter 3

Parametrization

3.1 Processing Data

Although the data from Crawford Point surface and Dye 2 surface was plentiful, the
variables recorded in these two data sets were limited to measured albedo and surface
temperature; thus, it was only possible to validate temperature dependent schemes for
these sites. On the other hand, the MAR data set includes a wide range of variables,
however, the data was difficult to process with C as a segmentation fault would
occur; however, this can be avoided by allocating the data on a different memory
location instead. FERRET; however, allows for handling, processing and analysis of
data, but it is an inadequate software for creating the complex algorithms that can
be achieved with a programming language, and that were needed to achieve a more
complex scheme. This, along with a lack of input variables on the first two data sets
mentioned, it was only possible to model and validate surface albedo, using only the

selected temperature schemes.

17



3.2 Validating Schemes

Based on the set backs detailed in Section 3.1, the selected schemes were those that
were dependant on the available key variables: Temperature, Measured Albedo, and

time-step. The schemes that were able to coded and validated were:

1. Linear Scheme: See Section 2.3.1
2. Linear-BANDS Scheme: See Section 2.3.1

3. Polynomial Scheme : See Section 2.3.2

Koltzow (2007) compared several albedo schemes, concluding that the polynomial
scheme was in better agreement with the observations than the linear schemes. It was
also been reported that linear schemes over/under estimate the albedo as they change
immediately with temperature. However, as we know from thermodynamics, as solid
water (which exists below 0 °C) intakes energy, its temperature will first increase to
0 °C degrees before it absorbs the energy required to change states. Since surface
transformations are not immediate, a polynomial scheme presents itself to be the best
temperature dependent scheme to account for this delay.

From Section 2.2 we highlight the constant difference between visible and near
infrared band albedos and the usefulness of the polynomial scheme which accounts
for a slower surface transformation, to come up with a 'new’ temperature scheme

which takes into account these two important features.

3.2.1 Polynomial Bands

Using the polynomial approach to account for non-instantaneous snow transitions,
and some adjustments, it was possible to model both VIS and NIR albedo bands.

However, the adjustments were not ideal, as the polynomial scheme was designed to
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fit particular (broadband snow) values, 0.8 > a > 0.5 in the surface temperature
range -10 °C < T < 0 °C.

The following adjustments were carried out:

e The snow NIR-albedo was obtained by adjusting the minimum value from 0.5
to 0.39, and setting the maximum albedo to 0.65. Whenever, ay;g > 0.65 or

whenever T < -10 °C.

e The snow VIR-albedo was obtained by adjusting the minimum value from 0.5
to 0.57 and limiting the maximum albedo value to 0.8, when T < -4.25 °C. Such
that if T < -4.25 °C, then it evaluates albedo using a linear interpolation in

range -10 °C to -4.25 °C, with a max albedo of 0.95 and a minimum of 0.8.

3.2.2 Methodology

The temperature range and max and min values were chosen the same for all schemes:
0.8 and 0.5 respectively. This was in order to have a mode adequate comparison of
snow albedo models. Studies in the past like the one from Koltzow, have compared
albedo schemes; however, the temperature ranges and the characteristic values are
different between them. Therefore, in order to make a more specific testing; the
limits and temperature ranges were set to be the same for all. So that solely the
efficiency of the schemes is validated, and not the efficiency of the constants, nor that
of the ranges.

For Dye2 and Crawford-Point surface data: the C code scans two variables, mea-
sured albedo and measured temperature. For each scan it evaluates each of the four
temperature schemes discussed above. The output is printed and stored for further

error analysis'.

'For a detailed description of the code see subsection Appendix A.1
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For MAR’s simulated data: FERRET was used instead of C to handle all the
data, evaluating the schemes, and storing output for further error analysis. As this

data set is gridded, it was possible to map the absolute error of each scheme with

FERRET?.

3.2.3 Error Analysis

Over the last few decades, the mean absolute error (MAE) and the root mean square

error (RMSE) have been regularly employed in model assessment studies. There are

defined as,

Srlay; —
map = Zileizal (3.1)
n

RMSEZHEK%;QV . (3.2)

Researchers have thoroughly discussed and attempted to determine which of these
statistical error schemes is best one for assessing a model’s performance 3. As the
MAE assigns the same weight to all errors, while the RMSE heavily penalizes larger
values. Both errors schemes have been relevant and present in the previous literature;
therefore, both the MAE and RMSE were calculated for each snow scheme listed, per

each of the data sets described.

2For FERRET algorithms and mapping see Appendix A.2
3For more information, see Chai (2014) and Willmott (2005)
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Chapter 4

Results

The results presented in this chapter are the output from the MAE and RMSE func-
tions . The schemes: Linear, Linear Bands, Polynomial and Polynomial Bands where
numbered 1, 2, 3, and 4 respectively.

In the following section, tables with the error output per each data set are pre-
sented, listed are: the validated scheme, and both the MAE and the RSME associated

with each of them. For a visual guide, see Section 4.2.

4.1 Scheme Error Tables

4.1.1 Dye2 and Crawford Point Surface Errors

Scheme MAE RMSE

1 0.123437 0.169442

2 0.124216 0.170984

3 0.110225 0.156080

4 0.112911 0.158831

Table 4.1: Dye2 Surface Errors
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Scheme MAE RMSE

1 0.125159 0.165500

2 0.125772  0.166902

3 0.110349 0.148941

4 0.113286 0.152141

Table 4.2: Crawford Point Surface Errors

4.1.2 MAR-Greenland Errors

Scheme MAE RMSE

1 0.28377 0.40170

2 0.28409 0.40158

3 0.28045 0.40605

4 0.28187 0.40707

Table 4.3: MAR-Greenland Errors

4.2 Error Plots

This section provides a graph for each of the tables presented above, as well as an

error map of Greenland for each of the schemes.
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4.2.1 Dye2 and Crawford Point Error Plots
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4.2.2 MAR Data Error Plots
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Figure 4.5: MAE for MAR data Figure 4.6: RMSE for MAR data

4.2.3 MAR Absolute Error Mapping

This sections shows the FERRET absolute error mappings that were obtained for
each scheme. Showing that the polynomial-band scheme is the scheme which covered

the largest extent of area with the least error.
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Chapter 5

Conclusions

From the literature discussion, results obtained, and mapping, it is concluded that
the polynomial scheme is the better approach. However, this is a large RMSE for
albedo which suggests that a more complex scheme is needed; one that at minimum
accounts for snow fall and snow depth as discussed in Section 2.

It was not possible to determine weather the band-schemes have a greater accuracy
than the broadband schemes or not, as the error differences between band-schemes
and broadband-schemes are small, and the parameterization only models the broad-
band albedo of snow; however, the chosen sites from which data was retrieved, do
present other types of surfaces, such as: ice surfaces, snowfalls, and impurities (
dust, algae, and carbon particles). Particularly for the MAR simulated data set, the
RMSE’s are large and relatively unexpected, as the polynomial schemes (which had
performed best) performed the worst. However, it is not surprising given all the un-
certainties, especially given that this data set is provides simulated albedo, and not
real observations.

Each scheme makes its own approximations and assumptions in order to model

albedo. Therefore, the best option is to choose the simplest model, unless there is
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a clear physical reason to choose another model. Which, as previously highlighted
in the literature review, and in the results section, the best scheme would be the
polynomial-bands scheme as it showed to have lower MAE errors than the linear
schemes, lower spatial errors (mapped Absolute Error), and it takes into account some
of the key variables highlighted in the literature review: wavelength, temperature, and
time (accounting for the non-instantaneous albedo transformations when temperature
increases causing melt).

For future direction, any scheme should take into account the key aspects dis-
cussed in the literature review in order to properly simulate the albedo evolution for
snow; thus, a complex model that accounts for: wavelength, temperature, time, and
especially snow depth which allows us to distinguish between surfaces. It is also high-
lighted that future scheme comparisons should evaluate the efficiency of the constants
and ranges, as these parameters do affect the model’s performance and are usually

not compared.
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Appendix

A.1 Code Description

The following C code, models and validates the selected snow albedo schemes for
Dye2 and Crawford Point surfaces. It considers two variables per data set: measured
albedo (A) and surface temperature (ST'); both variables are documented in the
NetCDF files, and have the same number of points.

Surface temperature had all of its points associated with a particular value; how-
ever, the variable 'measured albedo’ was incomplete as several points had not been
assigned a value. When the data was exported from a NetCDF to an ASCII file, all
of the points associated with a NaN value were not included, making the resulting file
have less points than its original. As such, it was necessary to account for this lack of
points in the code. This was done by exporting the variable along with its associated
point, so that it was possible to locate which points specifically were actually being
used. The resulting files had a column for the variable (A or ST') and another for the
actual data point that was associated with the variable value.

The program takes this into account by first scanning the variable 'measured
albedo’ (the variable with missing values), then registering the measured albedo in
the array A[j] and the non-empty data point associated with a particular value in the

array n[j]. Once the existing points (n[j]) are registered, the program then scans the
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surface temperature data file at the specific point i = n[j] which we know to exist as
it is the point associated with the measured snow albedo value, and assigns value to
the array Ti].

The complete code is provided bellow.*

#include <stdio.h>
#include <math.h>
#include <time.h>
#include <string.h>
// MAX AND MIN FUNCTIONS
double max(double x, double y){
double result ;
if (x> y){
return x;

}

else return y;
}
double min(double x, double y){
double result ;
if (x<y) {
return x;

}

else return y;
}
// TEMPERATURE SCALING FACTOR
double Tscale(double T, double T0, double TM){

!Comments in C language are stablished with a double dash: //
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double result ;
result = min(1,max(0,(T — T0)/(TM-TO0)) ) ;
return result ;
}
// ALBEDO SCHEMES
double Linear (double tscale, double MAX, double MIN){
double result ;
result = MAX — (MAX — MIN)xtscale;
return result ;
}
double Poly(double T, double MAX, double MIN){
double result ;
result = min (MAX, max(MIN,MIN + (—0.0758627)*pow (T,1) +
(—5.5360168E—3)*pow (T,2) + (—5.2966269E—5)xpow (T,3) +
(4.2372742E—6)+pow (T,4))) ;
if (T < —10){ result = MAX; }
if (T > 0){ result = MIN;}
return result ;
}
double PolyVIS(double T,double temp, double MAX, double MIN){
double result ;
result = min(MAX max(MIN,0.57 + (—0.0758627)*pow(T,1) +
(—=5.5360168E—3)*pow (T,2) + (—5.2966269E—5)*pow (T,3) +
(4.2372742E—6)*pow (T,4)));

if (temp <= 268.9){ result = 0.8; }
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if (result = 0.8 ){result = MAX — (MAX — 0.8)xmin (1 ,max
(0,(temp — 263.15) /(268.9-263.15)));}
return result ;
}
/ /BROADBAND CONVERSION SCHEMES
double KnapConv(double VIS, double NIR)({
double result ;
result = 0.53%xVIS 4+ 0.47«NIR;
if (result > 0.8){result = 0.8;}
if (result < 0.5){result = 0.5;}

return result ;

// MAIN CODE
int main () {
FILE %TS;
FILE *ALBEDO;
FILE xResults tscale;
FILE xResults_ linear;
FILE *Results 1linBANDS;
FILE xResults_ poly;
FILE xResults_ polyBANDS;
FILE *Results MAE;
FILE *xResults RMSE;
//Input Files
TS = fopen('TS_C.dat","r");
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AIBEDO = fopen("AlbedoC.dat","r");
//Output Files
Results tscale = fopen('"Tscale.dat",'"w");
Results_linear = fopen('"Linear.dat",'w");
Results poly = fopen('Poly.dat", "w");
Results__polyBANDS = fopen ("PolyBANDS.dat","w");
Results_linBANDS = fopen ("LinBANDS.dat","w");
Results. MAE = fopen ('"MAE.dat","w");
Results_ RMSE = fopen ('RMSE. dat","w");
//Parametrization
int i=0,j=0,k=0;
double temp, tscale;
int points = 114889; //Adjust to match data set
double Lin|[points],LinVIS, LinNIR  LinBANDS[points |;
double poly[points], polyVIS  polyNIR ,polyBANDS|points |;
double SunMAE[4] = {0,0,0,0}; //for schemes: linear, lin—
bands, polynomial, poly—bands
double SumRMSE[4] = {0,0,0,0};
double T[points],A[points|;

int n[points|;

while (j < points){
fscanf (ALBEDO, "%d %1f\n" . &n[j],&A[j]);
i=mnlj];
fscanf (TS, "%xd %lf\n" &T[i]);
tscale = Tscale(T[i],263.15,273.15);
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//Linear schemes
Lin[j] = Linear(tscale ,0.8,0.5);
LinVIS = Linear(tscale ,0.95,0.57);
LinNIR = Linear(tscale ,0.65,0.39);
LinBANDS[j] = KnapConv(LinVIS, LinNIR) ;
//Polynomial Schemes
poly[j] = Poly(T[i]—-273.15,0.8,0.5);
polyVIS = PolyVIS(T[i]-273.15,T[i],0.95,0.57) ;
polyNIR = Poly(T[i] —273.15,0.65,0.39) ;
polyBANDS[j]| = KnapConv(polyVIS , polyNIR);
//MAE summation
SumMAE[0] = SumMAE|[0]
SumMAE[1] = SunMAE[1]

fabs (Lin[j]—A[j]); //linear
fabs (LInBANDS[j]—A[j]) ;
SumMAE[2] = SumMAE|2 |

SumMAE([3] = SumMAE| 3]

+ o+ o+ 4

(
(
fabs (poly [j]-A[i]);
fabs (polyBANDS [ j]—A[j]) ;
//BMSE summation
SumRMSE [0] = SumRMSE[0] + pow ((Lin[j]-A[j]) .2);

((
SunRMSE[1] = SumRMSE([1] + pow ((LinBANDS[j]—A[j]) ,2):
SumRMSE([2] = SumRMSE[2] + pow ((poly [j]-A[ji]) ,2);
SumRMSE[3] = SumRMSE[3] + pow ( (polyBANDS[j]—A[j]) ,2) :
//Printing Scheme Results
fprintf(Results_tscale ,"\%d \%1f\n" i, tscale);
fprintf(Results linear , "\%d \%1f \%1f\n" i T[i],Lin[]
DE
fprintf (Results_linBANDS , "\%d \%1f \%1f\n"' ,i ,T[i],

LinBANDS[j]) ;
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fprintf (Results_poly , "% %1f %1f\n" i , T[i],poly[j]);
fprintf (Results polyBANDS, "%d %l1f %1lf\n" i T[i],
polyBANDS[j ]) ;

Jt+
//Printing Mean Absolute Errors and Root Mean Squared Errors
if (j== points){
for (k=0;k<4;k++){
fprintf (Results MAE, "\%d \%1f\n" ,k+1,(SumMAE|
k])/points);
fprintf (Results RMSE, "\%d, \%1f\n" ,k+1,sqrt ((
SumRMSE [k]) /points) ) ;

}

return 1;

A.2 FERRET Algorithms

Here are listed the given commands within the terminal, in order to get the FERRET
software to model snow albedo, as well as mapping the MAErros.

The MAE and RMSE were calculate through the use of the command stats <
Variablename > which calculates the mean value for the specified variable. Par-
ticularly, the command statsMAE calculates the mean value for the absolute er-

ror (the mean absolute error) and statsRMSE calculates the Mean Squared Error
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( S (predicted—actual)? )

— ; thus, the squared root of the mean squared values was taken in

order to obtain the RMSE.

The algorithms are provided below. !

'PARAMETRIZATION

Linear

let Al = .8 —(0.8 — 0.5)+min(1,max(0,(ST+10)/10))

' LinearBANDS

let Avis = .95 —(0.95— 0.57)+min (1, ,max(0,(ST+10)/10))

let Anir = .65 —(0.65 — 0.39)#*min(1,max(0,(ST+10)/10))

let Avis = .95 —(0.95— 0.57)*min(1,max(0,(ST+10)/10))

let A2 = min (0.8 ,max(0.5,0.57+ Avis + 0.47xAnir))

'Polynomial

let poly = min(0.8 ,max(0.5, 0.5 + (—0.0758627)«ST +
(—5.5360168E—3)+ST™2 + (—5.2966269E—5)+ST"3 + (4.2372742E
—6)*ST"4))

let A3 = IF ST LT —10 THEN 0.8 ELSE poly

'Polynomial BANDS

let polyVIS = min(0.8 ,max(0.57, 0.57 + (—0.0758627)«ST +
(—5.5360168E—3)*ST"2 + (—5.2966269E—5)«ST"3 + (4.2372742E
—6)*ST"4))

let ApfVIS = IF ST LT —4.25 THEN 0.95 — (0.95—0.8)%min (1 ,max
(0,(ST+10)/(—4.254+10))) ELSE polyVIS

let polyNIR = min(0.65,max(0.39,0.39 + (—0.0758627)ST +
(—5.5360168E—3)*ST"2 + (—5.2966269E—5)«ST"3 + (4.2372742E
—6)*ST"4))

!Comments in FERRET are stablished with an exclamation symbol: !
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let ApfNIR = IF T LT —10 THEN 0.65 ELSE polyNIR

let A4 = min (0.8 ,max(0.5,(0.57+«ApfVIS + 0.47+ApfNIR)))
Mean Absolute Error

let MAE1 = ABS(A1-AL1

let MAE3 = ABS(A3—-AL1

)
let MAE2 = ABS(A2-ALL)
)
let MAEA = ABS(A4—ALL)

(
(
(
(
'Root Mean Squared Error
let RMSEl = (A1-AL1)"™
let RMSE2 =

(
let RMSE3 = (A3-AL1)72
let RMSE4 = (

A.2.1 Mapping the Absolute Error

The shading of each grid cell was carried out with the following commands. Note
that L (the time axis name in ferret) and the Z axis were set to constants, average
time and 1 respectively, in order to reduce the grid dimensions, allowing FERRET to
shade it. Note that the the variables named "MAE "declared in ferret are in reality

the absolute error.

shade/lev=(0,0.2,0.02) MAE2[L=Qave,Z=1]

shade/lev=(0,0.2,0.02) MAEl[L=Qave,Z=1]
)
) MAE3[L=Qave,Z=1]
)

(

=(
shade/lev=(0,0.2,0.02

(

shade/lev=(0,0.2,0.02) MAFA[L=Qave,Z=1]
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