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Abstract— The dry snow zone is the largest component of ‘ ‘ ‘
the Greenland ice sheet and is identified as the region that I
experiences no annual melt. Therefore, radar backscatter
() is expected to be relatively constant over time within -9l
the dry snow. However, annual variation was discovered [‘l \ l
in QuUikSCAT data. This paper tests the hypothesis that i T ! ,l '
annual variation in backscatter is caused by changes in —95! il l
permittivity. To do this, a model is provided relating
permittivity to backscatter. Using this model, we test if
received backscatter values can predict the permittivity -10f
and temperature of the corresponding snow. Both ML
and MAP estimators are employed, and MAP is shown
to have superior performance for the selected values of -10.5¢
SNR. However, neither estimator is shown to consistently
predict permittivity.
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I. INTRODUCTION
. ) Fig. 1. o9 at —59.2229° longitude andr7.1670° latitude in 2006.
Satellite-borne scatterometers are radars designed for a

variety of purposes. One of these purposes is monitoring
important indicators of the global climate such as th@his cyclical variation has been shown to not be caused
Greenland and Antarctic ice sheets. The accuracy lo§ instrumentation of QuikSCAT.
these applications requires accurate calibration of theln this paper, we examine the feasibility of predicting
scatterometer. Although scatterometers are calibrateldlanges in permittivity based on received backscatter
prior to launch, system degradation requires the scaalues in the dry snow zone. A model is created which
terometer to be calibrated after launch as well. Accuelates temperature to backscatter by using known re-
rate post-launch calibration can be achieved by usitgtions between temperature and snow density, snow
radar backscatter data from natural land targets witlensity and permittivity, and permittivity and backscatter.
temporally constant and isotropic backscatter. Currentijhe sensitivity of the model is tested by estimating the
post-launch scatterometer calibration is performed usiegpected permittivity of a backscatter value corrupted by
data collected from the Greenland and Antarctic icadditive noise. The permittivity is estimated using both
sheets [1]. maximum-likelihood (ML) and maximum a-posteriori
The Greenland ice sheet is divided into zones or facié8IAP) estimation, where the temperature is used as prior
which are distinguished by their melting characteristicslata for MAP estimation.
The dry snow region is the largest part of the ice sheetBy testing the sensitivity of the model, we determine
and is characterized by no melt throughout the yeaf.the received backscatter can be used to reliably predict
Thus, ¢° in the dry snow zone should be relativelythe permittivity. This aids in our exploration of causes
constant. Recently, an anomaly in QuikSCAT data wder annual variation. If typical amounts of atmospheric
discovered in the dry snow region. This anomaly is chaand thermal noise distort the backscatter values such
acterized by a slight decreasedy during the summer that incorrect permittivity values are estimated, then
months followed by a return to the winter backscattebackscatter cannot be used to predict permittivity.
An example of this cyclical variation is shown in Fig. 1. This paper is organized as follows. In Section II,



we provide analytical models relating temperature t
permittivity and snow density, which in turn are relate
to the received backscatter. In Section Ill, we test tt
sensitivity of the model by introducing additive noise -1.2r
into the backscatter model and estimating the change
permittivity using ML and MAP estimation. In Section

IV the results of the estimations are given. In Sectio 8 ~1¢/
V these results are discussed with possible explanatic % -1.8f
for their behavior. -l
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II. ANALYTICAL MODEL

In this section, a model is created which relate ~2%[
- PR 0 1 - _26 L L L L L
permlttlwty tlo. backscatterr”. Because MAP estima: 6 105 11 115 e 125
tion is conditioned on known temperature values, tr Relative Permittivity (Real)

relationship between temperature and backscatter is also
modeled. This model is created by deriving the reldg. 2. o versus permittivity according to Eq. (4).
tionship between temperature and snow density and the
relationship between snow density and permittivity. . ) o )
A number of assumptions are made in this modéaphereuv; is the volume fractlo_n of ice in Fhe snow given
It is assumed that snow crystals stay the same sizePi = ps/0-916 where0.916 is the density of pure ice.

all subfreezing temperatures (an assumption borrowd§€ Parametes; is assumtla/d to have a constant value of
from [2]). It is assumed that there is an infinite layer of-19- The imaginary part; depends on the operating

snow below the surface. This assumption is reasonalfigquency of the scatterometer and the conductivity of
because the Greenland ice sheet is several kilometi& Which does vary slightly with temperature [S].

thick. Because snow density data was only available

down to—20°C, this model is only valid between20° C. Relation of Permittivity and Snow Density to Re-

and0°C. ceived Backscatter
The backscatter of the scatterometer in an infinite
A. Relation of Temperature to Snow Density layer of dry snow is given by [6] as
Snow density is defined as the mass of the snow to 0 o, opcos(0)
the volume of the snow, given in/cm?3. Data relating o (6) = T°(0) Vkie )

air temperature to snow density is found in [3] and Hbvhere"f
Given a temperatur@, the density of snowg, is roughly 0is the
given by

(0) is the transmissivity of the air-snow surface,
angle of incidences, is the volume scattering

11 109 coefficient, #’ is the transmitted angle, angl. is the
Ps = TOOT+ 700 (1)  extinction coefficient. We use a fixefl of 54°. The
parametersY(6), o,, 6’, and k. all depend on the

B. Relation of Snow Density to Permittivity permittivity of the snow. The equations used to calculate

CE_!gese parameters are derived from [2], [6], [7]. Figure 2
ows the relationship betweer! and the real part of
rmittivity which is the dominating part.

In [2], snow is modeled as spherically shaped i
crystals in some background medium. In the case of d%v
snow, the background is simply air. The real part of th c
permittivity of dry snow,¢,, is found to be related to

the snow density by
, 3 A simulation can be performed to test the sensitivity
€gs = (1+0.51p,)". () of the model. The purpose of this simulation is to

The imaginary park&’q depends on the real part OfteSt whether the permlttIVIty could be estimated from

the permittivity of dry snow and the permittivity of ice received backscatter values.
¢; [2]. It is given as To generate the received backscatter values, a series

) N2 of steps are taken. First, a temperature is randomly
- (Eds/) (2€,ds + 12 > (3) 9enerated. It is not assumed that all temperatures be-
(€ + 2e5,) (€7 + 2(eg5)?) tween—20° C and0° C were equally likely. Rather, the

Il. SIMULATION

1 1
€5 = SV;€;



Using Bayes'’ rule, Eq. (6) can be written as

0.015

€ds = argmax P(eqs|o%e)
ds

0 P
— argmax p(grec|€dso) (€as) @)
0.01f 1 €ds P(ofee)
where p(cl,) is the probability ofo. being received.
Since the denominator of Eqg. (7) does not depend on
6(181
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€ds = argIIgaXp(UPeC|Gds)P(EdS). (8)
ds

Since ML estimation assumes that all prior probabilities

w\/\ are equal, it means all values &f(e;s) are equal, so

9 15 10 5 0 P(eqs) can be factored out of the equation to obtain
Temperature (C)

6:18 = argnelf;xp(o'gec'edx‘i)' (9)

Fig. 3. Normalized histogram of temperature data collected on the

Greenland ice sheet in 2006. To calculatep(o?|eqs), we assume that it is equivalent
to calculatingp(a?|0y,), wherecl, is the backscatter
value corresponding tey. Since there is a function

likelihood of a given temperature is weighted accordingelating e, to ¢3,, p(c9,|eas) = 1.

to a histogram formed from 70 days of empirical data Note thato?,, = o0 .. + 7. Thus,p(c2. |oY,) can

collected from June 11-August 20, 2006 and divided infge shown to have a Gaussian distribution with mean 0

L = 200 bins (see Fig. 3). Using a given temperatureand variances2. In the simulation, there wergé = 200

the snow density was calculated using Eq. (2), théiscrete choices far® based on thé. possible tempera-

permittivity is calculated using Eq. (3), and the trugure values. Thus, the likelihood function corresponding

backscatter value is calculated using Eq. (4). tool, =0¥,i=1.Lis
The true backscatter value), is then corrupted 1 1
by additive white Gaussian noise. Typical noise value(oyelog,) = 07) = —— exp(— = (oec—07)*. (10)
Vom 20

corresponding to noise in the electronics, satellite, at-
mosphere, and other random sources correspond to SKIRs probability is maximized when® ;, is chosen to be
values ranging from 11 dB to 20 dB. The corruptethe o which minimizes the Euclidean distance between
backscatter is denotetf,. where 0%, ands?, that is,

Orec = Orue + 1 () G4 = argmin |o° — o). (11)

wheren ~ N(0,0%) with 02 = fo. 2o is the power
spectral density, and/; is the transmitted power divided
by the linear SNR.
Using the simulated received backscatte}, the
permittivity of the snow can be estimated using both
ML and MAP estimation. B. MAP Estimation
To perform MAP estimation on the data, many of the
equations derived in Section IlI-A hold. However, MAP
A. ML Estimation estimation no longer assumes equal prior probabilities of
P(eqs) in Eq. (8). Thus, the decision rule for MAP is

The ¢; corresponding tar! is then estimated to be the
correct value. lfo? = o, then the estimator is correct
and there is no error.

To estimate the actual permittivity valug,e using

the received backscattef, the maximum-likelihood test €4s = argmax p(gfeck 4s) P(egs)- (12)
can be employed. We definB(eys) as the probability cds
that ¢4, occurs. To calculate P(e4s), the weighted temperature data
The decision rule that maximizes the probability ofs used. Since there is a function relating temperature
choosingegs = eye is [8] to permittivity, the same weighting can be applied to
A 0 the permittivity as is applied to the temperature. Hence,
€ds = argr?ixp(edsh’rec)' (6)  ¢,, simultaneously maximizes the Gaussian distribution
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Fig. 4.

using ML and MAP estimation with an SNR of 13 dB.
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Fig. 5. Absolute error in permittivity for both ML and MAP estimation

with an SNR of 13 dB.

increases (not shown here), the error of the ML estimator
does decrease. Changing the SNR does not affect the
MAP estimator. Due to the nature of the prior used in the
MAP decision rule, the estimator consistently chooses
the permittivity corresponding to the temperature with
highest probability independent of the actual permittivity.
Since this value is the most likely to start with, the MAP
error is smaller than the ML error for the tested values
of SNR. Increasing the SNR beyond practical values will
give the ML estimator the smaller error.

VI. CONCLUSION

We found that there is a relationship between per-
mittivity and backscatter in the dry snow zone at tem-
peratures below freezing. However, with our model, the

True permittivity and the estimated values of permittivityeceived backscatter values are too noisy to accurately

estimate the permittivity of dry snow. This is shown for
both the ML and MAP estimators, where temperature
data is used as a prior. Future work could include altering
the MAP estimator by using different data sets as priors.
Additionally, the theoretical model relating permittivity
and backscatter could be refined to account for varying
show grain sizes.
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Figures 4 and 5 give some of the results of the simula-
tion. Figure 4 gives the estimated values of permittivity
for both the ML and MAP estimation methods with an
SNR of 13 dB. Figure 5 shows the error in permittivity
for both methods with the same SNR.

V. DISCUSSION

In general, the error of both the ML and MAP estima-
tors is high compared to the range of possible permittiv-
ity values, which range from 1 to 1.25. However, as SNR
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