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Abstract

Electromagnetic scattering of dense media withiegfbn to active and passive

microwave remote sensing of terrestrial snow

Wenmo Chang

Chair of the Supervisory Committee:
Prof. Leung Tsang

Department of Electrical Engineering

It is of great importance to estimate the amountthe variation of water storage in the form of
seasonal snowpack, in order to effectively moratzal manage the water resources all over the
world. It is believed that significant temporal olgas and spatial changes in local snowpack,
regional snowpack and global snow are due to cérohainge. The Snow Water Equivalent
(SWE) is defined as the depth of some hypothetwedér which is melted instantaneously from
an entire snowpack. Therefore the estimate of S¥\Uitical to the understanding of the water
cycle, water resource management, prediction ofatk change, flood forecasting, etc.
Microwave remote sensing has been used in estigp8WME for decades. As radar

measurement, radiometric measurement, and grouadurement data abound in microwave



remote sensing campaigns, it is important to caniecground measurement to electrical
measurement by developing accurate physical mdolethow, as well as scattering models for
random medium. In this dissertation, Dense Medidi®&e Transfer (DMRT) is combined with
Quasi-Crystalline Approximation (QCA) and bicontoius model. The DMRT-QCA and
DMRT-bicontinuous are applied to data analysiseaent multi-frequency backscattering
coefficients measurements in SnowSAR and Snow&eapaigns respectively. Then DMRT-
bicontinuous model is used to study both active @assive remote sensing in the NOSREXx
campaign. Backscattering enhancement effect isderesl. Lastly, the QCA model and the
bicontinuous model are compared in microwave scagias well as the medium
characterization. The parameter extraction of thsemodels from ground measurement are

discussed.
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CHAPTER 1: INTRODUCTION
1.1 BACKGROUND AND MOTIVATION

The quantitative estimation of water storage ireeaal snowpack on earth is of great
importance in geophysical science. It is known thatspatial and the temporal changes in the
snowpack, whether localized, regional, or globad, sagnificantly caused by climate change. The
Snow Water Equivalent (SWE) of a snowpack is defiag a hypothetical depth of water which
is immediately melted from this snowpack. The gitative estimation of SWE is of great
importance to hydrology science and other crodd feience, in particular crucial to the
knowledge of the water cycle, water managementligtien of climate change, flooding

forecast, and so on [I1]. In the past decades,awmave remote sensing techniques have been
extensively used in estimating SWE [I1] — [16]. Mbevave remote sensing missions can be
categorized by their carriers: satellite missi@ijyorne campaigns, and ground campaigns. The
latter two kinds of remote sensing missions aresgaly used for the feasibility study of the first
kind, as satellite missions are expensive and asy & be launched frequently. Microwave
remote sensing missions can be also categorizétebyays they collect microwave signals:
passive remote sensing, and active remote serizasgive remote sensing collects thermal
emission from the target object, while active reens#nsing uses a radar or a scatterometer to

transmit a signal and then receive the reflectgdadifrom the target.
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Table 1-1 Passive and active spaceborne remotgngenssions

Name of | Spatial resolution Repetition| Frequencies| Frequencies| State of the
the mission cycle of active of passive mission
[GHZ] [GHZ]
AMSR-E 8 — 29 km 1 day NA 10.65, 18.7, 2002 — 2011
36.5
GCOM-W 5-50 km 1 -2 days NA 10.65, 18.7, Launched in
AMSR-2 36.5 2012
WindSat 8 — 25 km Twice per NA 10.7, 18.7, | Launched in
day 37.0 2003
COSMO- Active SAR: 1 16 days 9.6 NA Four satellite
SkyMed | (Spotlight) -100m launched
(ScanSAR) 2007-2010
SCLP Active SAR: 50 -/ 15 days 9.6,17.2 18.7, 36.5 Decada
100 m mission of
Passive: NASA
Sub-km Tier 3
CoReH20 | Active SAR: 50 m| 3 — 15 days 9.6,17.2 NA Feasibility
Study ESA
2009-2013

£S
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The passive and active spaceborne microwave reseoiEng missions that have been launched

or planned are listed in Table 1-1 [I1]. Passiverowave remote sensing of SWE already had
30-year heritage [I7] [I8]. To name a few, SSM/RI&@SM/I were series of passive microwave
radiometer systems. SSM/R had 5 operating freqasrand was launched in 1978. SSM/l was
the successor of SSM/R. SSM/I had 7 channels apefating frequencies. AMSR-E was

launched by NASA in 2002, and stopped spinningesi2@ll. AMSR-E worked on 11 channels
at 6 operating frequencies. Its spatial resoluteomged from 6 to 75 km [I7]. After it stopped

spinning, its successor AMSR-2 was installed on G2W1 and launched by Japan in 2012.
AMSR-2 had 13 channels at 7 operating frequen¥ésdSat was a satellite-based polarimetric
microwave radiometer launched in 2003 by US Naitsy/spatial resolution ranged from 8 to 39

km.

Spaceborne active remote sensing missions havevedceonsiderable attention recently [I1].
The Cold Regions Hydrology High-Resolution Obsesma{ CoReH20) was a proposed satellite
mission in European Space Agency (ESA) [12] [I3]hid mission proposed to make
measurement of water storage on land surfacesnagidgiers in the global range. The proposed
frequencies in CoReH20 are 9.6 and 17.2 GHz, whrehused in a Synthetic Aperture Radar
(SAR) system with a spatial resolution of 50 metérberefore this mission will provide
observations at fine spatial resolution scales,tand will offer the possibility to retrieve SWE at
such fine resolution. This mission was one of tire¢ candidate missions considered by ESA in
the 7" Earth Explorer. However, the mission was not setbby ESA in March 2013. Snow and
Cold Land Processes (SCLP) is NASA's Tier-3 levetatlal mission. The most important
feature of this satellite mission is making passnigrowave sensors measurements and the

Synthetic Aperture Radar (SAR) measurements owersime site and at the same time. The
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passive frequencies are 18.7 and 36.5 GHz, whalathive frequencies are 9.6 and 17.2 GHz at

spatial resolutions of 50 — 100m [12].

Table 1-2. Ground campaigns and airborne campaigns

Name of the Platform Equipment Spatial Frequency Aim of the
campaign resolution [GHZ] campaign
CLPX Airborne Scatterometer 100m 13.4GHz Feasibility
2002-2003 TerraSAR, X band study of
SCLP
2006-2008 SAR
SnowSAR Airborne SAR 10 m 9.6,17.2 Feasibility
2009-2013 study of
CoReH20
SnowScat | Ground-based Scatterometer NA 10.2, 13.3,| Feasibility
2009-2012 tower 16.7 study of
CoReH20

The ground-based and airborne campaigns that weefermed as part of the feasibility studies
of CoReH20 and SCLP missions are listed in Tabl2 The Cold Land Processes Field
Experiments (CLPX) were series of airborne campmmigerformed in the central Rocky

Mountains of the western US in 2002, and in Alask2003. It operated at 100 meters resolution

and Ku-band (13.4 GHz).
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The mini-SAR airborne system SnowSAR was an ESArefind was deployed to collect data

over the Sodankyla area, Finland [I12] [I3]. The ®8#&AR system operated at a mean incident
angle of 40 degree, with dual-frequency (X-band @Mz, Ku-band 17.25 GHz) and dual
polarization (VV and HV). At the designated flighltitude, SnowSAR system had 400 meter
swath width; measured data was provided at 2 nagt@rlO0 meter resolution scales. The ESA’s
SnowScat instrument includes a frequency sweepiXg t¢ Ku-band) and tower-based
scatterometer [I2]. The instrument was mounted ayraund based tower at the height of 9
meters. The measurement of snow was performedfamest-free area. Any vegetation factor,
such as trees, bushes, or shrubs, was removedtfi®rarea before measurements were made.
The repeated measurements using SnowScat, werermped every four hours, and covered
inclined incident angles from 30 to 60 degrees withO-degree step. In order to mitigate the
random speckle effects from natural variation oé tsnowpack and the soil background,
measurement at each inclined incident angle wasaged by 17 discrete looks in azimuthal
directions. Radar backscattering coefficients at foolarizations (HH, HV, VH, and VV) of the
snowpack were measured. SnowScat measurementpmwerssed to three discrete bands of 2

GHz, with center frequencies at 10.2, 13.3 and G31Z.

The Snow and Cold Land Processes (SCLP) was a ggdmatellite mission having both multi-
frequency Synthetic Aperture Radar (SAR) and nfudtifuency microwave radiometer. The
development of Wideband Instrument for Snow Measerg (WISM) is for the planning of
SCLP mission. It will make both active and passiveasurements over the same site and the
same time. Cold Land Processes Field ExperimenP¥Jlused an airborne scatterometer at Ku-
band (13.4 GHz) at 100 meter resolution scale.alé werformed as feasibility studies of SCLP.

The CLPX experiments were performed in the cerf®atky Mountains in the western US
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between 2002 and 2003. CLPX was followed by a sarfeexperiments: CLPX-1I in Colorado

between 2006 and 2008, CLPX-Il in Alaska betweed728nd 2008, and CLPX-IIl in Colorado

between 2009 and 2010.

As active radar, passive radiometry, and groundsomement data abound in microwave remote
sensing campaigns, it is crucial to connect theumgo measurement data to electrical
measurement data by developing accurate physicaélndor snow, as well as scattering models
for random medium [I19] — [I112]. The scattering mbdan be validated by transmission loss
experiments [I13], backscattering measurement [[i44] — [I16], and brightness temperature

measurement [I7]. In transmission loss experimealisgtromagnetic wave is incident in the

normal direction of the top surface a snow slabe Total incident intensity on the slab is

measured and recorded. The total intensity tramsthtbhrough the air snow interface is reduced
by the air-to-snow transmission coefficient. At le@osition in the snow slab, the total coherent
intensity attenuates due to absorption and scadtesffects of the ice grains. The attenuation
follows exponential decaying function, so the ratighe intensity at the bottom of the snow slab

to that at the top will determine the decayingdaeind the extinction coefficient [113].

In addition to the scattering and emission expenisigpeople in the past used correlation length
to characterize the physical medium of snow [I117]19]. Images were taken from real snow,
and coarse correlation function is extracted [IRR1]. From the decaying characteristic of the
function close to the origin, the correlation lemgs extracted. The relationship between the

correlation length and the grain size was empigaadtablished [122].

1.2 RESEARCH METHODOLOGY AND OVERVIEW OF THE DISSERTATION
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In numerical simulation, both QCA and bicontinuon®del will give phase matrices and

scattering coefficients. Assuming negligible absiorp effect, the scattering coefficients of the
scattering models can be validated by the measexédction coefficients of the snow slab,

which is taken out from the real snowpack. Thetedalg models can be also combined with
DMRT equations, to predict the radar backscatteramgl brightness temperature. These

prediction are then validated by the real measuntata.

In this dissertation, Chapter 2 applied Dense Md&haiative Transfer (DMRT) to SnowScat
and SnowSAR campaigns [l4] [I5]. The DMRT theoryapplied to data analysis of multi-
channel microwave backscattering coefficients ftbm snowpacks in SnowScat and SnowSAR
campaigns. Quasi-Crystalline Approximation (QCA)daband the bicontinuous model are both
used on the multilayer snow medium in the two cagmm The common feature of the two
models is that two size parameters are used in tnattiels. Single grain size and stickiness
parameter are employed in QCA model. The bicontisumodel has two model parameters: the
mean wavenumbe({) and the clustering parametier The mean wavenumbég) is inversely
corresponding to the average grain size, whilgpirameteb determines the spreading width of
the wavenumber distribution, and is thus relatetheoclustering property of the medium. The
bicontinuous model is used to generate the miarotres of snow in each realization of Monte
Carlo simulation, and Maxwell equations are solmaderically by full wave methods for each
sample of automatically generated structure, ireotd compute the extinction coefficient and
the phase matrices. Other medium characterizatibrthe bicontinuous medium include
covariance (correlation) functions and Specific {8 Area (SSA), both of which can be
computed from the parametef§) and b. When making comparisons to the electrical

measurement, ground measurements of single graen snow densities, snow depth, layering
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information, and SSA of snow cover are used asrpet parameters to the scattering models.

The geometric descriptions and the scattering pti@seof the QCA and the bicontinuous model
are compared with past models. When making theitinejuency-channel data comparisons,
the same physical parameters will be used fohadle frequencies: X-band 10.2 GHz, Ku-band
13.3 GHz and 16.7 GHz. It is worth noting that DBIRT-QCA and DMRT-bicontinuous
models provide flexible frequency dependence, gs&r dependence, and angular distribution
that are distinct from the conventional Rayleighatsring model, and agree well with

experimental observations.

In Chapter 3, the DMRT theory is used to study battive and passive remote sensing data
simultaneously. Both radar backscattering coeffitseand brightness temperatures are computed
and validated to NoSREx campaign using the samesigdlyparameters as the input. The
backscattering enhancement effects, which stems fih@ constructive superposition in the dual
backscattering paths, will increase the computedrdackscattering coefficients, but will not
decrease the emissivity or the brightness temperadyith inclusion of the backscattering
enhancement effects in co-polarization backscatiecbefficients, the vector radiative transfer
equations are solved by an iterative approach wythical correction. The order of scattering
automatically takes the multiple scattering effeicti® account. Both QCA and bicontinuous
models are used in the computation. The DMRT-biocowus model is then applied to the
ground measurement and electrical measurement 8RE& campaign in the winter season of
2010 — 2011. Numerical results agree well with reliannel data from both scatterometer (X-

to Ku-bands) and radiometer (X- to Ka-bands).

In Chapter 4, comparison studies are made betweeQCA-Mie model and the bicontinuous

model in microwave scattering from terrestrial snd@wth the scattering properties and the
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medium characterization are compared. For QCAnih#i-size and the sticky particle models

are used. For bicontinuous model, different prolitgdistribution function for the wavenumber
are used. The scattering rate and the angulaitdistm of scattering using the mean cosine of
scattering are compared, and it is shown thatwioenhtodels have similar properties. In medium
characterization, the pair distribution functiorss used in QCA to derive the correlation
functions. It is shown that both the Percus-Yeweakr functions and the bicontinuous model
have tails in the correlation functions that argidctly different from the traditional exponential
correlation functions. The methodologies of usingpupd measurements of grain size
distributions and correlation functions to obtaindal parameters are addressed. In the past, it
has been difficult to derive input parameters saglstickiness for the QCA model. In this thesis,
the correlation function is derived from the pastdbution functions, and can be obtained from
digitized pictures of snow. Thus by comparing tlwerelation function, parameters such as

stickiness can be derived.

The last two proposed satellite missions listedlable 1-1 use radar at dual frequencies and dual
polarizations. For example, the proposed measurewieiCoReH20 include co- and cross-
polarization backscattering at two different freqcies: o, and o,y at 9.6 and 17.2 GHz.
Therefore these four measurement will potentiadiirieve four parameters which characterize
global snow. The snow density and the snow dephven of the key parameters of a snowpack,
as the SWE is the product of density and depth.tiferawo parameters are the size parameters
of the snow models, such as grain size and stiskinpgmrameter of QCA model, or mean
wavenumber and of bicontinuous model. Therefore the forward sraitg model studied in this
thesis should have four input parameters: snowhdepbw density, and the two size parameters.

And then a look-up table of the backscattering Wwél created. In the corresponding retrieval



10
algorithm, the four measured backscattering wilhieched to the look-up table by minimizing

RMSE. Then the snow depth, snow density, and twe parameters will be retrieved. In this
way, no ground data such as grain size, is requirdtie retrieval algorithm, which makes it

possible for global snow.

Passive radiometry data are complementary to tteea@dar data, although the passive data are
collected at coarse spatial resolution. Howevergmwlthe snow depth exceeds 2 meters,
saturation effect in the brightness temperaturébeilobserved. This is caused by the attenuation
in the large optical depth of the snow medium, estly at high frequencies such as Ka-band. In
order to sense the thermal emission from deep slmwfrequencies data such as X-band data
should be considered. SodRad instruments of NoSRREpaign provide brightness temperature

at 10.65 GHz, so it is useful for retrieving th@wandepth of deep snow, such as 2 — 4 meters.
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CHAPTER 2: DENSE MEDIA RADIATIVE TRANSFER APPLIED TO SNOWSCAT

AND SNOWSAR
21INTRODUCTION

Snow Water Equivalent (SWE) is the equivalent depthwater in a given snowpack. The
estimation of this parameter is important for watsource management, prediction of climate
change, flood forecasting, etc. Microwave remot@ss® technology has been used in
estimating SWE for decades [1] — [3]. Common typesiicrowave remote sensing missions are
satellite missions, airborne campaign, and grousmktl campaigns. Estimation of SWE has been
carried out through a spaceborne passive remotsingemmission: Advanced Microwave
Scanning Radiometer — Earth Observing System (ANE}R4]. Spaceborne active remote
sensing missions have received considerable aitem#icently, for example, algorithms were
developed to retrieve SWE from the experimentah dzt the spaceborne mission COSMO-
Skymed [5]. The Cold Regions Hydrology High-Resoint Observatory (CoReH20) was a
proposed satellite mission making measurement ténvgtorage on land surfaces and in glaciers
globally. This mission would provide observationdi@e spatial resolution scales, and thus offer
the potential to retrieve SWE at such high resohgi The mission was one of the three
candidate missions considered for tffeEarth Explorer by ESA (European Space Agency) [6].
The mission was not selected by ESA in March 20BAasibility studies of CoReH20 were
performed between 2009 and 2013. Airborne raddedt&nowSAR, operating at the same set of
frequencies, was deployed [2] [3]. In addition, REX (Nordic Snow Radar Experiment)
campaign was initiated in autumn 2009 by ESA, ancbvered three snow seasons until the
summer of 2012. The campaign site was located dar8q/k, northern Finland, representing a

typical boreal forest/taiga landform, where an ager of the maximum of 80 cm snow
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accumulation can be expected. The aim of the cagnpasas to provide data for algorithm

development, by measuring the microwave signattismaw covered terrain over several winter
seasons. In this campaign, ground based scattegpmetasurements using an ESA owned
instrument (SnowScat) from a fixed site were penfed, covering several winter seasons.
SnowScat is a ground based fully polarimetric scatheter operating in the range of 9 — 18
GHz [2]. The scatterometer observations cover sewahge of incident and azimuthal angles.
Microwave data were complemented by regular measemés of snow, soil and atmospheric
properties, both form automated sensors and manualllected data. Extensive ground
measurements were taken of the snow characteristiosrthern Finland, including grain size,
snow depth, fraction volume (or snow density), gapdcific surface area [7] [8]. In this study,

data from the 2010-2011 winter seasons are applied.

In snow, the ice particles are packed closely togetSince the ice grains are of millimeter and
sub-millimeter sizes, there are thousands of ieengrpacked within one-wavelength cube at the
microwave frequencies from X-band to Ka-band (9 -GHz). As the propagation and scattering
of electromagnetic waves are coherent within dearof about a wavelength or more, the ice
grains in snow do not scatter independently. Indbeventional radiative transfer theory [9]
[10], one uses incoherent superposition to addstattered intensities of different particles. In
the Dense Media Radiative Transfer theory (DMRTD][[IL2], the author take into account the
collective scattering and wave interaction effeatsdensely packed ice grains. Conventional
scattering theory is based on Rayleigh scatteregabse the ice grains are much smaller than
wavelength at X-band and Ku-band. The Rayleighrhgoses an extinction that is proportional
to the 4" power of frequency, and thé?Zower of grain size. The angular dependence of

scattering is that of Rayleigh phase function whglthe electric dipole scattering pattern with
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mean cosine of scattering equal to zero. The thiealepredictions of DMRT show several

departures from conventional Rayleigh scatterirpii [12] — [16]:

(a) Conventional independent scattering modelsh siscRayleigh scattering model, show that
the scattering coefficient is proportional to theurth power of the frequency, when the
scattering particles are electrically small. Thougk grain sizes are small at microwave
wavelengths, the frequency dependence of denseansadittering is much lower than the
conventional theory. The lowest power law of freagiedependence in the simulations so far is

1.7 [13].

(b) For a conglomeration of particles, conventioimalependent scattering models superimpose
the scattering intensity of each particle, indegeridof each other, to get the total effect.
Therefore, the total scattering is linearly promoral to the fraction volume (or density) of the
medium. However in dense media such as real sraaitesing is not linearly proportional to the

fractional volume (or density of snow). Scattergagurates at high fractional volumes.

(c) In conventional scattering models, the eleatlycsmall particles are considered as dipoles.
Therefore the scattering patterns are uniform imathal direction, and followcos ©)? in the

inclined plane. In dense media model, the scatigslrase matrices are different from the electric
dipole scattering pattern, although ice grainssamall. The phase matrices show significantly

stronger forward scattering.

(d) In conventional scattering models, there iscrass polarization in scattering when particles
are spheres. In the dense media model, the elatipae interactions of closely packed ice

grains result in strong cross polarization in thage matrices [13].
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The author have developed three DMRT models: ArcalyQuasi-Crystalline Approximation

for densely packed spheres [12] [14] [15], numéffi@ddy-Lax multiple scattering equations for
densely packed spheres [16], and bicontinuous nfodete grain clusters with Discrete Dipole
Approximation (DDA) [13]. QCA is an analytical agpimation, while bicontinuous model is
based on numerical solutions of Maxwell equatiarsatitomatically generated samples of snow
microstructures. It is noteworthy that besides QEdldy-Lax, and bicontinuous models, two
other models in the literature are MEMLS model vahig based on strong fluctuation theory,
and the Helsinki University of Technology (HUT) nedStrong permittivity fluctuation theory
was developed by using distorted Born approximgtlaih [18]. A low frequency approximation
is made on the strong permittivity fluctuations e1$trong fluctuation theory utilized
autocorrelation function and the correlation lengtallese and Kong [19] studied the
autocorrelation functions of real snow and fourat they are close to exponential functions.
Their results show that the correlation lengthssanaller than 0.5 mm. The approach was
subsequently adopted by Stogryn [20] and Matzlgf, [@nd it was confirmed for different snow
types from new snow to depth hoar [22] — [26]. Redgestrong fluctuation theory was applied to
snow cover and SAR data at a single frequencyXeltand [27]. Because of the built-in
assumptions, and the measured small correlatigygiiestrong fluctuation theory results are
similar to Rayleigh scattering theory. Major resuf strong fluctuation theory and Rayleigh
theory include: (1) the scattering coefficient isgortional tof +°d3° wheref is the frequency
andd is the grain size, because the correlation lersgthuch smaller than a wavelength at C, X
and Ku band. (2) the angular distribution of seatteis the Rayleigh phase function, which is
the dipole’s scattering pattern. This means thaintiean cosine of scattering) €quals zero.

Thus when applying strong fluctuation theory to taul
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frequencies, the frequency dependence is adjustedieally. The Helsinki University of

Technology (HUT) model is based on experimentakoleion of extinction coefficients. The
frequency dependence of extinction is based onresapfit. The HUT model chooses a
scattering phase function with strong forward seatt, and the mean cosiné) (s chosen as

0.96 [28] [29].

The DMRT-QCA and the DMRT-bicontinuous model arelagal for data analysis. Two size
parameters are used in the implementation of tha @0del and the bicontinuous model. In the
QCA model, the two size parameters are grain sa@eter2a and stickiness parameterThe
stickiness parameter represents the aggregatigregies of snow grains to form clusters. In the
bicontinuous model, the two size parameters arend@n wavenumbdr) and the parametér,
related to wavenumber distribution. The mean wakdrar is corresponding to the inverse of the
grain size. The second parameter is related toltlstering property. A common feature of QCA
and bicontinuous is that strong forward scattepngperty is exhibited by using the stickiness
parameter and the parametér respectively. Bicontinuous model paramet€isandb are also
related to snow parameters, such as grain size;cautelation function, and Specific Surface
Area (SSA). A feature of the bicontinuous modelhat it is related to the past models. By
varying theb parameter, it gives varied frequency dependendesaong forward scattering as
in the DMRT-QCA model [13]. It is also related tbet Helsinki University of Technology
(HUT) model [28] [29] in that it has strong forwastattering. The bicontinuous model also
utilizes correlation functions that are charactliby functional forms and correlation lengths.

Thus it is related to the strong permittivity fluation model [17] [20] [25].
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In implementing DMRT-QCA and DMRT-bicontinuous a ltiple layered medium and full

multiple scattering solutions are computed usirgrtiethod of azimuthal harmonic expansions
and quadrature discretization of the inclinatiorglas. The differential equations are solved
numerically. Rough surface scattering are based\NdM3D (Numerical 3D solutions of

Maxwell equations [30] [31].

Measured snow parameters are used as input to MiRTDtheory to compute backscattering

results which are then compared with the measuaelldeattering of SnowSAR and SnowScat.
The author used DMRT-QCA and DMRT-bicontinuous mede show that both models can

utilize the same physical parameters for multifieecy measurements. The scattering
properties of DMRT-QCA and DMRT-bicontinuous arensistent for various dependences of
the co-polarized backscattering coefficients. Mweegp the bicontinuous model has the
advantages of large cross-polarization [13] andrédsemblance to the microstructures of real

SNow.

In Section 2.2, the QCA model is briefly discussétie scattering properties of QCA are
illustrated using the two size parameters. In $ack.3, bicontinuous model is briefly discussed.
The parameters of the bicontinuous model are tekred to the snow physical parameters. In
Section 2.4, scattering properties of the bicordusimodel are illustrated using the two size
parameters. In Section 2.5, multiple scattering DOMReory and rough surface effects for active
remote sensing are described. In Section 2.6, SABwSnd SnowScat measurements are
described. In Section 2.7, DMRT-QCA model is comnegarith SnowSAR radar data. In Section

2.8, DMRT-bicontinuous model is compared with SnoatScatterometer data.
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2.2QUASI-CRYSTALLINE APPROXIMATION MODEL

Under QCA model [11] [12], the particles are assdittebe densely packed and can also adhere
together to form aggregates. The sticky particlalehdvas 2 size parameters: particle slze
wherea is the radius, and stickiness parametethich describes the surface adhesion among the
particles. When the particles are randomly packegdther, they have a tendency to form clusters
and bonds with each other. The adhesive force ranpeterized using the stickiness parameter
which governs the degree of clustering. In Montel&Caimulations of particle positions, the
author has made use the Metropolis shuffling teqpies [11] to create random positions. In
addition, the particles are allowed to form bondamgl result in aggregation. The parametes
used to describe the bonding state [11]. A smallerdicates stronger clustering effect, and a

largert indicates weaker clustering or even non-stickyigias.

Because the grain sizes are much smaller than emgtl at X-band and Ku-band, the classical
independent scattering theory will be Rayleigh tlgashich is the same as Mie theory for small
size. The classical results will have frequencyeteience to the™dpower, size dependence to
the third power, and the Rayleigh phase matrixleftec dipole scattering pattern. The author

illustrates scattering properties by varying thekstess parametar.

The angular distribution of phase matrix is desstiby the mean cosine of scattering

[p(3,5)(5-8)dQ [, d®sin®cos® [Py1() + Py;(0)] (2-1)
[p(58)dQ  [dOsin@[Py;(0) + P, (6)]

‘az

For the Rayleigh phase functioi,= 0. The stronger the forward scattering is, the laygés.

When forward scattering is weaker than backwardtestag, iz < 0. Figure 2-1 illustrates the
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phase matrices of QCA model. In the figure the phraatrices are normalized by the scattering

coefficientxg, given by

Ks =T jndG) sin @ [P;1(0) + P,,(0)] (2-2)

Normalized QCA And Rayleigh Phase Matrices (1 = 1)

0.2 Normalized P, QCA
........... Normalized P,, QCA
—+— Normalized Pll Rayleigh
0.15; -t Normalized P, Rayleigh
—_ ™ e
Q 0.1} 1
o
*5&_1'
0.05;¢ % 7
0 \ ‘
0 50 100 150
O [deg]
(a)
Normalized QCA And Rayleigh Phase Matrices (1 = 0.1)
0.4 ‘ :

Normalized P11 QCA
........... Normalized P22 QCA
—+— Normalized P, Rayleigh

«weesee. NOrmalized P,y Rayleigh

(b)

Figure 2-1 QCA phase matrices showing strong fodveaattering.
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Frequency = 17.2 GHz; diameter = 1.0 mm; fractiolume = 20%;

(a) QCA stickiness parameter = 1.0 (b) QCA stickmparameter = 0.1

The phase matrip,; (®) and P,,(®) are cross-polarization. They are much smaller tt@n
polarization and only make small contributions tattering coefficients and mean cosine.
Therefore they are ignored in Equation (2-1) & §2-& Figure 2-1, co-polarization phase
matrices are plotted agair@twhich is the angle between the incident directiod the scattered
direction. Thus® = 0 is forward scattering an® = 180" is backscattering. The 1- 2 frame is

based on using the plane formed by the incidentsaattered directions [32].

The Rayleigh phase functidf,(®) is constant and®,,(®) is proportional to(cos ®)2. Figure
2-1(a) illustrates a case with= 1.0, and the QCA phase matrices are similar to thdse o
Rayleigh phase matrix. This is because the pastialte not that sticky, and particles which are
small retain the angular distribution. Figure 2jligba sticky case withh = 0.1. It shows strong

forward scattering compared with Rayleigh scattgphase matrix. In this case> g > 0.

Figure 2-2 illustrates QCA scattering coefficiefdsfined in Equation (2-2)) as a function of the
diameter of the particles. The two frequencies atiXd Ku-bands are considered. The author
compared the two sticky cases. It is seen thattesoaj coefficient decreases as stickiness
parameterr increases, because smalindicates stronger stickiness. Therefore strorsgieky
effect will lead to stronger scattering effect, #ase the stickiness parameter has the clustering
effects. The aggregates of small particles arectdiffely” larger in size than that of the small
particle. The frequency dependence and size depeadef QCA scattering coefficients is

extracted from Figure 2-2.
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QCA Scattering Coefficient With Different Stickiness

10 |

1=01 9.6GHz
----------- 1=01 17.2GHz
8| —e—t=10 96GHz |

...-0.---'[ = 1_0 17.2 GHZ

S D
8.5 1 1.5 2 2.5
Diameter [mm]

Figure 2-2 Scattering coefficients of QCA modelwiarious stickiness parameter

a = log(ks,/Ks1) /log(f2/f1) (2-3a)
p = log(lcéz)/lcél))/log(dz/dl) (2-3b)

whereqa is the frequency dependengeis the size dependence. The computed resulthavens

in Table 2-1. For the sticky case= 0.1, the frequency dependence is 2.9 when the dianseter
2.5 mm. At 17.2 GHz, the size dependence is 1.hwihe diameter is 1.5 mm or 2.0 mm. These
results are lower thargpower frequency dependence afftip®wer size dependence. A weaker
sticky caser = 1.0 is also shown in Table 2-1. The frequency depecelén 4.0, and the size

dependence is 3.0 for all cases.

Table 2-1 Frequency dependence, and sizedependeKoeband.
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Extracted from QCA data in Figure 2-2

Diameter [mm] 0.5 1.0 15 2.0 2.5
Frequency =01 3.6 3.3 3.1 3.0 2.9
dependence |75 4.0 4.0 4.0 4.0 4.0

Size dependence =01 2.3 2.0 1.9 1.9
(17.2 GHz) T=10 3.0 3.0 3.0 3.0

0.6

\
1=0.1 9.6GHz |
........... 1=0.1 17.2 GHz |

—©— =10 9.6 GHz

Mean Cosine Of Scattering

Figure 2-3 Mean cosine of scatterim@f QCA model with various stickiness parameter

Figure 2-3 illustrates the mean cosine of scatyegirfor QCA model for two frequencies and

two sticky cases. It is seen that QCA model widate moderately largeif T = 0.1. When the
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diameter is 2.5 mm, the mean cosine of scattear@y39 at 9.6 GHz, and 0.53 at 17.2 GHz. At

both two frequencies, as the stickiness parametareases to 1.0, the mean cosine of scattering
will decrease to 0.011 or lower. Thus strongerkstieffects of the particles make largerand

stronger forward scattering.

In the HUT model [28] [29], a strong forward scatig of mean cosin@g = 0.96 is assumed.
Using the QCA model, with mean grain size of 1 namg with the smallest stickiness parameter
allowed ¢ > 0.093), the mean cosine of scattering is 0.70 at frequeri 17.2 GHz. The mean

cosine is moderately large in QCA but not as lagé the HUT model.
2.3GEOMETRIC DESCRIPTION OF BICONTINUOUS MODEL
2.3.1 Generation algorithm and model parameters

Recently, DMRT-bicontinuous model has been propdsednalysis of signatures of microwave
remote sensing of snow [13] [33]. It combines nuoar3D solutions of Maxwell equations

with the automatic generations of realistic micnestures of snow. The bicontinuous model is
based on a continuous representation of interfaeéseen different phases or domains within
the medium [34]. Figure 2-4 illustrates examplesaafomatically generated images of snow
using the bicontinuous model. The shapes are ilmeqand there are clustering effects. The

automatically generated snow microstructures resethhat of natural snow.
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Figure 2-4 Typical automatically generated snowdtire: bicontinuous model.
Total size: 6.4 cm * 6.4 cm

To generate the bicontinuous medium automatic#lg, author divided the sample into cubic

grids. For each realization, the bicontinuous mexdisi generated by the following algorithm. Let

T (2-4)
S() = TNZ cos (G T+ )
whereft is the position variable for the center of eachicigrid of the bicontinuous medium.
The random functio§ (¥) at each grid- is generated stochastically by choosing a largebaun
N. In Equation (2-4), the wave vecty and the phase,, are independent random variables.
The phasep,, is uniformly distributed betwee@ and 2w, and the unit vectof,, is uniformly
distributed on a unit spherical surface. The mamgiatof the wave vectof, is distributed
betweend and+co and has a probability density functip). A variety of distributions can be

used. The author chose to use the Gamma distributio
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1 (b+1)b+1(( b (] (2-5)

Gy @) et

p() =

After all the random variables are generated, &melom functiors () is computed at each grid
point by Equation (2-4). Then a cutting lewelis introduced to determine the space filling in

each cube of the bicontinuous medium.
a = erf~1(1-2f) (2-6)
Whereerf~1(-) is the inverse error function. For every paint

(LS >a (2-7)
Oa (™) = {O,S(F) <a

®,(7) = 1 is corresponding to filling with ice in the cubéderer locates, whiled, () = 0 is

corresponding to filling with air in the cube.

The distribution of wavenumbers has the mean aadstandard deviation. Thus as constructed
in the algorithm above, the bicontinuous distribaothas two parameters: the mean wavenumber
(¢) and the parametér. Theb parameter controls the width of the distributiansl is related to
the standard deviation. The mean wavenum{geris corresponding to the inverse of the

prevailing grain size.
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Figure 2-5 Bicontinuous medium: vario({@, b = 1.5, f, = 0.3
(@) (¢) = 3500 [m~*] (b) (¢) = 4500 [m~"] () {¢) = 5500 [m~*]

Figure 2-5 show realizations of the microstructwebicontinuous medium with the samend
various mean wavenumbgi®. As({) increases, the prevailing size in the generatredtsire
decrease. The three result microstructures stregtarFigure 2-5 are similar but with different
sizes of grains. Figure 2-6 illustrates bicontinsiouedium with the same mean wavenum{jer
and various. From the figures, the author sees clusteringemticrostructures. Decreasing the
b parameter increases the clustering. The paraméias the role of a clustering parameter with
smallerb corresponding to more clustering. In Figure 2-gfa¥ 0.5 and grains aggregate to

form effectively larger grains because of the dusg effect.
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Thus QCA and bicontinuous models have similar giafsioncepts. In QCA stickiness

parametet is used to represent aggregation, while in therllinuous model the parameter

plays the role of clustering effects.

()

Figure 2-6 Bicontinuous medium: variobis({) = 4500 [m~!], f, = 0.3
@b=05(Mb)b=10()b=2.0
2.3.2 Auto correlation function

The auto correlation function has been studied nsktely in the context of distorted Born
approximation for random media [35], and strongp#ivity fluctuations [17] [20] [25]. In the
early work, a correlation function is used to ddsethe random permittivity fluctuations [19].
Vallese and Kong [19] performed the extraction freaveral photographs of a vertical cross-

sectional slice of a snow pile. The photographsewabtained from the microtomed slice of a
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casted snow sample. The images were digitized Iz dssumed with discrete permittivity of

ice or air. The cross correlation of a referende-isutage with the entire image was computed as
the correlation function. They found that the ctatien functions are exponential in character.
Vallese and Kong [19] concluded that the randonmpéivity fluctuations could be described by

its mean, variance and correlation lengths, andctreelation lengths are corresponding to the

average particle dimensions in snow.

In the bicontinuous model an analytical expressibthe auto correlation function was derived

[13]:

+00 (2-8)
ACF(d) = Z Cr(@)[Cs(d)]™
n=1

Wherea is the cutting level of the bicontinuous genematadgorithm, and is directly related to
the fraction volume, as shown by Equation (2-6)e ThefficientsC, (a) in Equation (2-8) are

given by

exp(—2a?) [Hy_1(a)]? (2-9)
n! 2"

Gy (a) =

WhereH,, (*) is the Hermite polynomiat’s(d) is given by

sin(bo) (2-10)
C(d) = b+1
5(d) = (cos @)1 T2
Where ¢ = arctan%. Figure 2-7 illustrates the correlation functidies mean wavenumber

(¢) = 5000 [m~1] and for two differenb. The exponential correlations functions are shéevn
comparison. On a linear scale (Figure 2-7(a)),abelation functions of bicontinuous model

resemble that of exponential correlation functiddewever, when the correlation functions are
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plotted in a logarithm scale (Figure 2-7(b)), illvehow stronger correlation for distances larger

than 1 mm. This becomes even clearer as the pazabnéécreases.
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Figure 2-7 Auto correlation function of bicontinigomnodel with various parameter
(¢) = 5000 [m~1], fy = 0.2 () Linear scale (b) Log scale

The author also analyzed the spectral dengit{k) is the 3-D Fourier transform of the auto
correlation function, whilé#¥ (k,) is the corresponding 1-D auto-correlation functaerived

from w (k)
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) 1 +oo +oo +o0 ~ o 2-11
W0 =g [ o[y [ amacr@enoen O

1 too _ (2-11b)
W(ky,) = mf drr sin(k,r) ACF(r)
ZJ0

To obtain the spectral density function, one ndedsarry out the integration to a larges upper
limit. This accounts for the effects of clusteripgoperty that is contained in the correlation
function for larger beyond the correlation length. Figure 2-8 illusgsathe spectral density using
the same parameters as Figure 2-7. The bicontinonaakel’s spectral density is larger than that
of exponential correlation function when the wawaier k <2000 [m~1]. This indicates the
presence of clustering effect that is not in thpomential correlation function. As the parameter
b decreases, the clustering effect becomes clearsd, the difference from exponential

correlation function is larger.

N Spectral Density
10 T T

—Bicontinuous b = 0.5

Bicontinuous b = 1.0
-~ Exponential

1000 2000 3000 4000 5000 _ 6000
Wavenumber k [m'l]

Figure 2-8 Spectral density function of bicontinsenodel with various parameter
(¢) =5000 [m™1], f, =0.2

The author defined the correlation lengids
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l=ACF (e 1) = ACF~1(0.37) (2-12)
WhereACF~1(+) is the inverse function. Therefore, by using btamrmous model, the correlation
length is extracted. However, it is important tdenthat two size parameters are used and the
correlation length alone cannot adequately dest¢hbeanicrostructure of snow. The correlation
length defined in this manner will only correspootbsely to the inverse of the mean
wavenumber. The extraction of the parameétdrom real snow samples will be a challenge in

future studies.
2.3.3 Specific Surface Area (SSA)

SSA is surface area per unit mase (kg or cm?/g) or surface area per unit volume ). It is
used to characterize snow microstructures. Commachniques of measuring SSA include:
methane adsorption at 77 K [36], X-ray tomograpBy]] snow reflectance at short-wave

infrared (SWIR) [38] [39], etc. For bicontinuous deb, SSA is computed analytically [13]:

(2-13)
SSA =

1 exp(—2a?) 2(Q) i+ 1
Pice fv /3 b+1
Wherep;. is the density of ice. Note that SSA in Equati@flB) is defined as surface area per
unit mass. In addition to using the analytic expi@s, the author also computed SSA
numerically by using the automatically generateowssamples and counting the surface areas.
In the numerical procedure, the samples are dividexsmall cubes of air and small cubes of
ice. Each surface on an ice cube, which is in ticeatact with an air cube, is counted in the
total surface area. Table 2-2 shows the SSA foiouarparameteb. Both analytical SSA

(Equation (2-13)) and numerical SSA are shown. Asmeterb decreases, size distribution
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becomes broader, thus the small particles will rdonte to the increasing surface area. It is

noted counting surface areas in the manner is dieperon the size of discretization. The
discretization size that the author used is basethe microwave wavelength. Thus the SSA

counted in this manner is corresponding to a “mi@ree view” of SSA of the snow sample.

The bicontinuous parameters are related to growth tlata. The descriptors of the bicontinuous
medium include autocorrelation functions and specurface areas, both of which can be
computed from the paramete(§) and b. On the other hand, specific surface areas and
correlation functions can be derived from digitiaat of real snow microstructures. The
parametep is related to grain size distribution which candbserved in ground measurements.
The author has chosen the Gamma distribution, afidedi parameteb of Gamma distribution

as the wavenumber distribution parameter. The oig®relation of the parameterto grain size

distribution is a subject of continual studies.
Table 2-2 SSA comparison among various paranteter

(¢) = 5000 [m™1], fy = 20%

b 0.5 1.0 15
Numerical[cm?/g] 57.0 56.6 53.9
Analytical [cm?/g] 63.5 60.2 58.2

24 SCATTERING PROPERTIES OF BICONTINUOUS MODEL

The author illustrated the scattering properties bafontinuous model include scattering

coefficient, mean cosine of scattering, and phaatrixn Figure 2-9 illustrates the bicontinuous
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scattering coefficients againgt parameters. A® decreases, the clustering effect becomes

stronger and aggregation effects are stronger, theisscattering coefficient becomes larger.
Results in two frequencies are shown. The frequetependences of bicontinuous model are
extracted and listed in Table 2-3. When paramieter0.01, the frequency dependence between
9.6 GHz and 17.2 GHz is 2.4. Asincreases to 2.0, the frequency dependence iregdast.O,

which indicates the clustering effect becomes weake
Table 2-3 Frequency dependence between 9.6 andzHzf bicontinuous model.

(¢) = 5000 [m™1], fy = 20%

b 0.01 0.5 1.0 1.5 2.0

Frequency 24 2.7 3.2 3.8 4.0

dependence
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Bicontinuous Scattering Coefficients
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Figure 2-9 Bicontinuous scattering coefficientsiagiaparameteb for two frequencies

(¢) = 5000 [m™1], fy = 20%
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Figure 2-10 Bicontinuous scattering coefficientsthe mean wavenumber for vairaus

parameter.

Frequency = 17.2 GHz; fraction volume = 20%. Pbtbitedouble-log scale.

Figure 2-10 illustrates the scattering coefficieaggainst the mean wavenumiéy for variousb.

It is seen that scattering coefficients decreasthasmean wavenumber increase, because the
mean wavenumber relates to the inverse of grai@. siz addition, the scattering coefficients
decrease a$ parameter increases, because the clustering dffsmmmes weaker. Another
important feature of Figure 2-10 is ti® dependence, or the scattering coefficient’s pdessr
with respect to(¢). Now that({) relates to the inverse of grain size, tlj& dependence will

indicate the size dependence property of bicontisunodel. To compute the dependence, two
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mean wavenumber§); = 5000[m~1],({), = 9000[m~1] are considered. By using the same

method as QCA model (Equation (2-3)), #td¢ dependences are shown in Table 2-4. All the
results are negative, which comes from the inveskdionship betweef() and grain size. It is
seen that whel = 0.5, clustering effect is strong, thus tbk@® dependence is -1.4; wheén=

2.0, clustering effect is weak, thus th® dependence is -2.4. All the results are largem t320.

The size dependence of Rayleigh scattering mod0isand the inverse dependence is -3.0.
Table 2-4(¢) dependence of bicontinuous model.

Frequency = 17.2 GHz, fraction volume = 20%

b 0.5 1.0 15 2.0

({)1 = 5000[m~1],(¢), = 9000[m "] 1.4 19 2.3 2.4
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Figure 2-11 Bicontinuous phase matrix with diffdrparameteb at 9.6 GHz.
(¢) =5000 [m~], fy = 20%
@b=01MmO)b=05(c)b=1.0(d)b=1.5

In Figure 2-11, the author showed the phase matateX-band for various parameters. The
mean wavenumber and the fraction volume are fixed{a= 5000[m™1],f, = 20%. As
parameteb decreases, the phase matrix becomes larger=ad or forward scattering direction.

Figure 2-12 illustrates the mean cosine of scaenf bicontinuous model, using the same
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parameters as Figure 2-1f. decreases as parameterincreases, which indicates stronger

clustering effect will create stronger forward seanhg. No matter how small is, g does not

exceed 0.6. Thus bicontinuous model will providéyanoderately strong forward scattering.

Bicontinuous Mean Cosine Of Scattering

—9.6 GHz
0'6-..,,. 17,2 GHz|
0.4
0.2
0

Parameter b

Figure 2-12 Mean cosineof bicontinuous model against various paramketer
(¢) =5000 [m™], fy = 20%

25MULTILAYER DMRT MODEL WITH FULL MULTIPLE SCATTERING EFFECTS

AND ROUGH SURFACE EFFECTS

In the previous work [15], the multiple scatterieffect is considered for single-layer snow. To
include multiple scattering in a multilayer strugtuthe specific intensity is decomposed into
reduced intensity and diffused intensity. Reducddnsities are solved analytically, and diffused

intensities is expressed in Fourier series in #nemathal direction:
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Mmax

00,0, =100+ ) 12,2 cosm(® = pino)]
m=1 (2-14)

Mmax

+ I_T(nDS)(H, z) sin[m(p — @inc)]

m=1

Each Fourier harmonid_((,D)(G,z), I_,(nDc)(H,z),I_,(nDS)(G,z) is solved by the eigen-quadrature
approach. The eigen-quadrature approach is basétedmoundary conditions at each interface

between different layers:

= d =
I_i(up)(gi; —d;) = Ri,i+1(9i)1_i( WM (6;, —d;) + Ti+1,i(9i+1:Qi)ii(rf)(ngl —d;)

= = 2-15
I_i(fswn)(ngl —d;) = Ri+1,i(8i+1)ii(rf)(9i+1: —d;) + Ti,i+1(6i:0i+1)1_i(down)(0i; —d;) (2-15)

WhereR is the reflection coefficient matrix between tvayérs,T is the transmission coefficient

matrix between two layer$,, 6;,,; are quadrature angles, and they are not identicdifferent

layers, due to Snell’s law. Thus an interpolatioatni® should be added in front f matrix

when Equation (2-15) is combined into a large matguation.

Rough surface scattering is computed by NMM3D imq@ated with the Method of Moments
(MoM) [30] [31]. The snow-ground interface is moelas a Gaussian random rough surface

with exponential correlation function.
Finally volume scattering and surface scatterirgcambined in an additive way:
Og = OygolL + OSURF eXp(—ZKed secC 91) (2'16)

Where g, is the total backscatteringy,; is the volume scattering obtained from multilayer

DMRT model, osyrr is the surface scattering obtained by NMM3Dx,, is the extinction
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coefficient including scattering effect and absmnpteffect,d is the snow depth, ar@} is the

incident angle.
2.6 SNOWSAR AND SNOWSCAT EXPERIMENTS DESCRIPTION
2.6.1 SnowScat

The ESA SnowScat instrument is a frequency scanrfidgto Ku band), tower-based
scatterometer. For the NOSREx campaign, the ingniivas mounted on a tower at the height
of ca. 9 meters, allowing the measurement of snowa iforest opening. Any significant
vegetation (small trees, shrubs) were removed ftioenclearing prior to measurements. The
remaining low surface vegetation consisted of liclad moss. According to a soil survey
performed in 2010, the soil consisted of a thinanig layer (5-10 cm) overlying a coarse sandy

soil (70% sand, 29% silt, 1% clay).

The routine measurements using SnowScat, perfoewexy four hours, covered incident angles
between 30 and 60 degrees at 10 degree intervalseduce effects of random speckle from
natural variability of the snowpack and the soitkground, each incident angle was covered by
a scan over 17 discrete azimuth directions. Radekdtrattering coefficients at four polarizations
(HH, HV, VH, and VV) of snow backscattering coeffiots were measured. SnowScat
measurements were processed to three discrete baBdSHz, with centre frequencies at 10.2,

13.3 and 16.7 GHz.

In situ measurements consisted of automated selaarand manual snow pit measurements.
The automated observations provided informatiorsaih moisture, soil and snow temperature,

snow depth and SWE, and weather conditions. Masn@l pit measurements were made at the
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immediate vicinity of the microwave observations amveekly basis. The measured properties

included bulk SWE and density, snow stratigraplayeting), and profiles of snow grain size,
density, temperature and moisture. Snow stratigraphs first determined visually and by
testing the hardness of the snow. Snow densitymeasured as a profile in 10 cm increments
using a manual snow scale. The temperature prefie recorded similarly at 10 cm intervals
using a digital thermometer. Measuring the exadwsmgrain size has uncertainties in field
conditions; for the NOSREXx dataset, macro-photdggsay snow grains, taken against a reference
grid, were used to determine the typical grain sizeach detected snow layer. A photograph of
a snow sample, extracted from each layer, was takdrevaluated in laboratory conditions. The
grain size was determined as the maximum diamédterevailing grains [41]. Also the grain
type was determined visually. It is acknowledgeat thrge uncertainties are related to this type
of classification; the estimation of grain sizepi®ne to observer bias, especially regarding the
choice of prevailing grains in the snowpack. Mommwhe snow grain size determined in this
way may not be the only option [26]. Therefore, theasured snow grain size is treated in this

study as a proxy of the snow microstructure in $atons.
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Figure 2-13 Air temperature and soil temperatute (@m depth) measured at the SnowScat site

in Sodankyl&, Finland, in the winter season of 22001.
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Figure 2-14 Snow depth and SWE measured at the Scatvgite in Sodankyla, Finland, in the

winter season of 2010-2011. Snow depth was measyrad automated sensor. SWE was

measured weekly using a manual snow scale.
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Figure 2-15 Radar backscattering coefficients meakhy theSnowScat instrument at co-
polarization, 40 °incidence angle for X (10.2 Gldnd Ku (16.7 GHz) bands. Average of 17

azimuth looks.
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Figure 2-16 Radar backscattering coefficients meashy theSnowScat instrument at cross-
polarization, 40 °incidence angle for X (10.2 Gldnd Ku (16.7 GHz) bands. Average of 17

azimuth looks.

For analysis, data from eight snowpits between4¥aand March T were chosen. During this
period, air temperatures remained below zero, wisckhown in Figure 2-13. Snow depth,
shown in Figure 2-14, increased from ca. 30 cmn®d SWE) to ca. 60 cm (114 mm SWE).
During this period, the measured backscatterindficants at co-polarization, shown in Figure
2-15, changed from -10.2 to -7.9 dB and from -18.218.1 dB at Ku and X-band, respectively.
At cross-polarization, shown in Figure 2-16, thamie was from -19.3 to -17.3 and from -26.3
to -26.1 at Ku and X-band, respectively. The meairackscattering coefficients signal shows

features in November 2010, which cannot be direotignected with increasing snow mass. A
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distinct feature observed in SnowScat backscagecimefficients was a gradual decrease of

backscattering intensity after an initial rapidrease in the early season. This can be attributed
to a combination of changes in soil properties,wadl as the gradual relaxation of crust
structures in snow, formed during melt-refreezenésjegto more typical late-winter snow. Several
melt-refreeze events occurred in the early seas@ctober / November 2010; the effect can be
seen as rapid decrease (during melt) followed bppad increase (during refreezing) of the
measured backscattering in Figure 2-15 and Figui®.2Gradual relaxation followed each
refreeze event; the last event in early Novembes fedlowed by sub-zero temperatures until
March 2011, with decreasing backscattering coeffits until December 2010. The observed
decrease in backscattering coefficients is alsistant with decreasing permittivity of the soil
due to freezing; residual soil moisture was meaburg dielectric sensors at the site until
December 2010. It is thus likely that both factoomitributed to the detected signatures. After
December 2010, a steady increase in the backsogttgignal can be linked to the increasing
snow mass at Ku band. For X-band, any increasadkdeattering coefficients is too weak to be

significant.
2.6.2 SnowSAR

During the second and third snow seasons, a mil-@#&borne system SnowSAR was also
deployed to collect data over the Sodankyla area. ShowSAR operates at mean incident angle
of 40 degree with dual-frequency (X band 9.6 GHa,bdé&nd 17.25 GHz) and dual polarization
(VV and HV). At the designated flight altitude, S¥®AR had a swath width of 400 m; data was
provided both at 2 m and 10 m resolutions. The 8roowSAR acquisition, applied in this study,

was taken on March 15, 2011, covering an area»fl® km over the Sodankyla test site. The
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test site is also the location of the tower-basadwiscat measurements. The data acquisition

flights was complemented by near simultaneous in sieasurements, including snow pit
measurements (with additional snow pit sites) aisttiduted measurements of snow depth and
SWE. The evolution of snow characteristics througltbe season is reflected by manual snow
pit information, as complemented by automated measents of weather and soil conditions.

Coincidental TerraSAR-X data is also availabletovple inter-comparison.

The airborne SnowSAR data acquisitions provideiapeaariability of the microwave signature
of the snow covered ground. Different test siteswslguite different snow pack accumulation
characteristics, such as snow depth and densttyThe desired acquisition area over the winter
of 2010-2011 consists of 20 parallel and 2 perpz=ndi flights. The 20 parallel acquisitions are
contiguous, from south to north; the other 2 acenfreast to west. The whole area has covered
various landforms of forest, peat bog, and lake ée. Among all the flights, dual-pol data are
only available for 4 acquisitions due to an instemtal failure in the Ku-band receiver. The best
spatial correlation with the ground in situ samglpoints is from the west most flight transects.
The more extensive data acquisitions over the wiote2011-2012 have also provide temporal
variability at the main test site and tundra ditewever, SAR data of this later season are not yet
available at this moment. So the comparisons andired to the 2010-2011 snow season on

March 15", 2011.
2.7 DMRT-QCA MODEL COMPARISON WITH SNOWSAR DATA

For active remote sensing, the DMRT-QCA model hesnbused to compare with CLPX radar

data [42]. In this section, the DMRT-QCA model iesare compared with SnowSAR data.
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The physical structure of the snow layers in SnoRSAeasurement is modeled as multilayer

structure on the top, and a rough ground surfatieedbottom. Each snow layer has its own grain
size, snow depth, and snow density, which are c@tefrom ground measurements. The upper
layers have small grain size, typically around @, while the lower layers have large grain
size, typically greater than 1.0 mm or even up.@rBm. The snow grain size variations are due
to the snow accumulation fallen at different daljse upper layers are composed of newly fallen
dry snow, while lower layers are composed of snoithva few melt-freeze cycles. It is
noteworthy that the snow depth data were collebteoh a few isolated points over the entire
map of the SnowSAR flight. Five snow pits that haeenplete ground data were also measured.
However, radar data did not cover the entire magabge of an instrumental failure of the mini-
SAR system. Therefore in the geographical rangéhefradar data, complete ground data is

available at only one snow pit, and snow depth degasparsely distributed.

In Table 2-5, the measured snow parameters of dager structure at the IOA snow pit on
March 15", 2011 are listed, including the snow depth, vigirain size and mean density of each
layer. In the table, the stickiness parameteos the QCA scattering model used for each layer
are also listed. The airborne SnowSAR backscagemeasurements were performed on the
same day. The flight track (data acquisition na)R¢overed the IOA snow pit. Besides the snow
pit measurement, distributed snow course sampliag &also made. The snow course sampling
only provided snow depth and SWE information. Thmpgling points which had overlap with
the flight tract were selected out of the measuresen March 1%, 2011, two days after the
SnowSAR flight. The scattering data was extractaidod the 2m resolution SAR image with the

nearest pixel.
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Table 2-5. Snowpack layer structure measured atd@wpit on 03/15/2011, and corresponding

QCA stickiness parameters

Index of layer | Snow depth [cm]Grain size [mm]| Density [g/cc] Stickiness
parameter
1 30 0.5 0.111 0.12
2 20 1.0 0.224 0.15
3 7 2.0 0.189 0.25
4 18 3.0 0.216 0.35

At present, available ground data are the comp@etav profile of the IOA snowpit and depth
information in other points distributed in the eatmap area. At the distributed sampling points,
only snow depth and SWE information are availablee IOA site is coincidental for SnowSAR
and SnowScat datasets. Therefore in the SnowSARa&ason, a four layer model based on the
IOA snowpit was assumed. The author used the megsumow structure at IOA snow pit (as
shown in Table 2-5) and backscattering coefficieatkine the stickiness parameteas well as
ground roughness. At distributed sampling pointss grain size, density and stickiness
parameters for each layer are taken to be the aan@A site, which is shown in Table 2-5. The
snow depth of each layer and ground roughness war@gt parameters. The optimization
parameters were chosen to match backscatterinfjaieefs at both X and Ku bands. A' brder

multi-layer DMRT forward scattering model was apglito the profiles shown in Table 2-6 to
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match the SnowSAR data, as shown in Figure 2-17Tbge ground roughness effect was

included in this first order model by adding theigh surface backscattering with attenuation.
The ratio between the correlation length and rmghtevas fixed to 4, and ground permittivity
was fixed to(3 + 1i)e.rr, Wheree s = 1.3, is the effective permittivity of the bottom snow
layer. The rough surface backscattering was cordputng a NMM3D lookup table. As
comparison, a simpler single layer DMRT with flabZen ground and with multiple scattering
effects was also applied to these sampling paagtshown in Figure 2-17(a). The measured total
snow depth is used in the model, and the grainisizet to 0.7 mm, stickiness parameté.1,

and fractional volume 20%. The stickiness parameterelated to clustering effects, and affects
the frequency dependence and size dependence. meMearlo simulations of positions of
particles [11], the stickiness is represented bgdimesive potential that attracts the spheres. This
then gives a probability of adhesion which is inmpéated numerically during shuffling of
spheres positions. In the data comparigois, obtained from a minimization procedure to give
the size dependence and frequency dependence ttérsan coefficientk, at IOA snow pit
where sufficient ground measurements are avail&ilece the grain size profile is known, an
assumption is made that the Ku band backscattenegficients mainly comes from the bottom
layers with largest grain size. This assumption leagive an initial guess for the stickiness
parameter of the bottom layers. The stickinessrpater for other layers are then determined by
keeping a reasonable size dependenckgofAll the parameters are then refined based on a
minimization procedure, to achieve better agreenasntvell as reasonable frequency / size

dependence.
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Table 2-6 Parameter setup ifidrder multilayer DMRT with rough ground

Total | Top layer 1| Layer 2 | Layer 3 | Bottom | Ground| Ground Ground
depth (cm) (cm) (cm) Layer4 | rms cl/rms permittivity
(cm) (cm) (mm)
45 30 10 5 0 2.63 4 (B + 1i)egss
55 30 18 5 2 3.05 4 (B + 1i)eysp
65 30 20 7 8 3.05 4 (B + 1i)eysp
75 30 20 7 18 3.05 4 (B + 1i)egss
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S, DMRT prediction vs. SnowSAR measurement
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Figure 2-17 Comparison between SnowSAR measureamehDMRT-QCA prediction

(a) Single layer model with multiple scatteringaardiameter 0.7mm, stickiness= 0.1,
fractional volume 20%s, ;.. = 3.15 + i0.001, flat grounds, 4,4 = 3.2 + i0.002 (b) 1™ order
Multilayer model with rough ground. Parameter satuisted in Table 2-5 & 2-6.
Figure 2-17 also indicates the difference betweaegle layer model and multilayer model, over

the whole dataset. It is known that he surfacetagag has minor contribution to Ku band

backscattering coefficients, and from Table 2-Ghie multilayer configuration, only the ground
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roughness of the 45cm snow depth is different fodhers. Therefore comparing Figure 2-17(a)

and 17(b), the difference in backscattering is hgahiie to multilayer model. A careful analysis
of the ' order multilayer DMRT indicates that the main cimition to the backscattering
comes from the dominant layers at the bottom watlgdr grain sizes. This is contrary to the
single layer model, which does not capture theabdity in depth dependence. The single layer
model does not exhibit the frequency dependendkeomeasurements neither. Table 2-7 shows
the RMS errors and correlation coefficients betw8MWRT-QCA prediction and SnowSAR
data. It is seen that the RMSE for the Ku bandgsiicantly improved by the multilayer DMRT
model. The RMSE for X band, and the correlationffoacients at both bands, do not improve as
much because of the sparse distribution behavithefata. In Figure 2-17, DMRT prediction
shows that the model sensitivities to SWE at the ts@quencies are close to each other. It is
noteworthy that SnowSAR has a spatially varyingaset, so the ground permittivity and
roughness varies. The X-band backscattering casfi€, which results from a thinner optical

thickness, is more sensitive to the ground bactestag).
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Table 2-7 RMS errors and correlation coefficiergsAdeen DMRT-QCA prediction and

SnowSAR data

RMSEX RMSEKu 15'¢ Tku
Single layer 2.6656 2.0714 0.6238 0.6036
Multiple layer 2.3851 1.1630 0.6179 0.6233

2.8 DMRT-BICONTINUOUS MODEL COMPARISON WITH SNOWSCAT DATA

The DMRT-bicontinuous model is implemented by impmating bicontinuous phase matrices
into the DMRT equations. Rough surface effect iastdered in an additive way, shown by
Equation (2-16) in Section 2.5. The RMS heighthaf tough surface is assumed to be 1 mm, and
the correlation length of the rough surface is 4.nhe ground is assumed to be frozen ground

with permittivity (3.4 + 0.84i)¢,.

Model results are compared with SnowScat scattelmuata, collected by FMI over Finland
area, from January to March, 2011. The data inchhhdee channels in X-band and Ku-band:
10.2 GHz, 13.3 GHz and 16.7 GHz. Ground data giegic snowpit (IOA snowpit) include
grain size, layer structure, snow depth, snow dgnsnd SSA, etc. In Figure 2-18, comparisons
at three channels are shown as a function of srepthd The backscattering increases slightly as
snow depth increases. In Figure 2-18(a), the batkstg predicted by DMRT-bicontinuous
model is higher than measured data. The result$3&8 GHz and 16.7 GHz are in good

agreement.
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Co-polarization @ 13.3 GHz

Co-polarization @ 10.2 GHz
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Figure 2-18 DMRT-bicontinuous prediction comparathwneasured radar backscattering at

IOA snowpit
(a) 10.2 GHz (b) 13.3 GHz (c) 16.7 GHz

Table 2-8 lists the physical parameters measurddrat18, 2011, and the numerical parameters
extracted from bicontinuous model. The first fivdwnns are the ground data. It is noteworthy
that the grain size and the density are measureth@rsame day as the radar measurement;
however SSA data on the same day is not availalilissamoment. Therefore SSA measured in

another two years on the same site are used. Trthfand fifth column of Table 2-8 are the
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SSA measured at Jan. 17, 2012 and Jan. 15, 20i3sden that within three days and at the

same site, SSA are well correlated between twemdifft years, so it is reasonably assumed that
the acquired SSA are representative of the SSAmtlB, 2011, when the radar data is available.
More datasets on SSA show that typical values adismeed SSA at the bottom layers are 59 ~
124 cnf / g, and are 100 ~ 790 éni g at top and intermediate layers. In Table 2Hg
bicontinuous SSA (the eighth column) agrees withdlhound data, except for the second layer
from the top. The exception is due to the largengsize observed in the experiment. Ground
data shows that mean grain size in the second lay2mm, which is rarely seen at top layers.
Such large grain size will lead to small bicontinagarametef() and small analytical SSA, but
measured SSA is in the normal range 241 ~ 373gcmhich is attributed to small ice grains.
The relationship between SSA and radar backsaagteaefficients on the same day will be a

subject of continual study.
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Table 2-8. Measured parameters and extracted psesye®mparison.

Time series data # 3, collected at Jan. 18, 2011.

SSA data collected at Jan. 17, 2012 and Jan. 153, 20

Index | Grain | Density | Measured SSA  ({) b | Bicontinuous| Bicontinuous
of size | [g/cc] [cm?/ g] m? SSA correlation length

ayer | fmml 2012 | 2013 [em*/ g} [mm]
1 0.3 0.064 289 230] 50000 140 395 0.029
2 2.5 0.064 373 241 6000 10 47.3 0.23
3 0.5 0.156 300 234/ 30000 1)0 347 0.054
4 0.5 0.164 218 223 30000 1)0 352 0.054
5 1.3 0.168 180 160, 11500 1/0 136 0.14
6 2.0 0.208 142 95 750( 17 88.2 0.23
7 2.5 0.180 135 104 7000 2/0 79.2 0.24
8 2.0 0.180 110 102 7500 147 86.0 0.22
9 2.8 0.208 145 102 5500 2/0 63.8 0.31

The correlation length was not measured in Snow§aaind data, but Table 2-8 shows the
correlation length extracted from bicontinuous modereases with the grain size. This

establishes the connection between model paranmeetdrground data.
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The total backscattering coefficients is composkdotume scattering from snow, and surface

scattering from snow-ground interface. Table 2-8vehthe contribution of volume scattering
and rough surface scattering to the total radakdzadtering coefficients. As shown in Table 2-9,
surface scattering plays an important role at Xeb&khen surface scattering is significant in the
total backscattering coefficients, the increasnegd of volume scattering is not apparent. In the
simulations the author assumed that the snow-gronotedface roughness condition did not
change throughout the studied period so that tlekdeattering coefficient from the surface
(osyrr) 1S @ constant. It is seen that at X-band, rougfase scattering is comparable to volume
scattering, while at 13.3 GHz of Ku-band, roughfate scattering is at least 4 dB lower than
volume scattering, at 16.7 GHz of Ku-band, rougtiage scattering is at least 6 dB lower than
volume scattering. Therefore it is important to aseaccurate snow model at high frequencies of

Ku-band.
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Table 2-9. Contribution of volume scattering andglo surface scattering.

Time series data # 3, collected at Jan. 18, 2011.

Frequency Volume scattering Rough surface scattering Total
[GHz] ovor [dB] (Attenuated by optical depth backscattering
Gsurr €xp(—21c,d sec ;) [dB] coefficients
0, [dB]
10.2 -20.37 -20.29 -17.32
134 -16.37 -20.45 -14.94
16.7 -11.67 -17.86 -10.74

By applying the phase matrices of bicontinuous nsde DMRT equations, the resulting
backscattering coefficients show good agreemert SitowScat data, using the collected ground
truth as input parameters. In actual practice obcsne and spaceborne missions, some
parameters are not measured and judicious guessggb\are used in the simulation. Changes in
the value of these parameters affect simulationltes~or example, in the DMRT-bicontinuous
model, ground scattering is a guessed contribu@me possible solution is to collect the ground
parameters before the snow season, in order tonodteasonable estimation for the simulation
parameters. Another solution is to use cost functiminimization in developing retrieval
algorithms for airborne campaigns and space missiaithout any prior knowledge of the
ground status before the snow season. In suchea reggilarized techniques in the minimization

of cost functions will be used. This includes adapthe parameters of the DMRT models to
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airborne measurements in various intensive campstgn, as well as developing regularization

parameters.

By combining DMRT equations with bicontinuous mqdebth backscattering coefficientg
and brightness temperatufg can be computed. In aircraft campaigns and datettissions,
combined active and passive microwave remote sgrasi@ deployed increasingly. When the
bicontinuous model is applied to passive microwaemote sensing, the moderate forward
scattering effect that was shown in Section 24 jgarticular importance, and is associated with
parameterb [40]. Brightness temperatures with the same swadfecoefficient, but different
mean cosine of scattering will have significanfetiénce in brightness temperatures particularly
at 37 GHz. It is seen that whenis larger, more forward scattering exists in sndWwus more
emission will be received by the radiometer. Asoasequence, the brightness temperature will
be larger. The combined passive and active resudisreported in [40] and is a subject of

continual study.
29 CONCLUSION

In this chapter, the DMRT-QCA model and DMRT-bidaobus model are applied to predict
the radar backscattering coefficients of terrelssmmw, and are compared with multi-frequency

experiments of SnowSAR and SnowScat respectively.

Both DMRT models account for the dense effectslo$aly packed ice grains, when the near-
field and intermediate-field coherent wave intei@td among the ice grains are strong. QCA
model is an analytic approximation, while bicontas model is based on exact solutions of
Maxwell equations, to compute the phase matricesutdmatically generated microstructures of

snow. The models give weaker frequency and sizeerdgnces than classical Rayleigh
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scattering. They also give stronger forward sciajein the phase matrix, than the Rayleigh

phase functions. In comparisons with multi-frequeegperiments, the author used the same
model parameters for all frequencies. The aggregatifects of ice grains are clearly seen by
using the stickiness parameters in QCA model, dedsize distribution parametér in the
bicontinuous model. The author also developed iogiatbetween the model parameters to the
physically measured ground truth. These relatiomdude grain sizes, as well as SSA and
autocorrelation functions. Development of such tretes will continue to be studied. In
particular, the microstructures of bicontinuous elogtsemble that of real snow. Quantitative
comparisons of the microstructure of real snow amtbmatically generated snow will be
performed. By applying the phase matrices of QCAl dicontinuous models to DMRT
equations, the resulting backscattering coeffigestiow good agreement with SnowSAR and

SnowScat data respectively, using the collectedrgidruth as input parameters.
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CHAPTER 3: BACKSCATTERING ENHANCEMENT AND MULTIPLE-SCATTERING

EFFECTS
3.1INTRODUCTION

It is important to develop microwave emission aodttering models of snowpack to explain the
observed microwave signatures and to facilitate S¥tieval. In the past, most of the modeling
work was done for passive microwave remote senset@use of the prevalence of brightness
temperature data. The empirical model developdddisinki University of Technology (HUT)
[28] [29] based on extinction rate measurementnowsslab [43], the semi-empirical thermal
microwave emission model of layered snowpacks (MEMI24] [25] based on brightness
temperature measurement of snow [23] [26], and eélenedia radiative transfer multi-layer
model (DMRT-ML) [44] based on the physical scatigrmodel of QCA-CP [11] [12] [18] are
all designed for passive remote sensing. With theemt prospects of acquiring radar
observations at sufficiently high frequencies ttedeproperties of the snow volume, the semi-
empirical radiative transfer (SRT) model [6] [4546] based on first order RT theory was
developed. Furthermore, the active DMRT theorylieen applied to include multiple scattering
effects [15]. In the framework of the dense medidiative transfer (DMRT) theory, the quasi-
crystalline approximation (QCA) with stickiness [112] was developed to model scattering
from cluster of dielectric spheres adhered to f@ggregates. The extinction rate and co-pol
scattering phase matrix was validated by Monte cCsirhulation of sticky spheres and solving
Foldy-Lax multiple scattering equations [16] [4The QCA phase matrix was then combined
with DMRT to predict both brightness temperaturé][[48] and backscattering coefficient [15].
Bicontinuous media and discrete dipole approxinm{lbDA) scattering model [13] was then

developed to account for the irregular shape ofgi@ns, providing good estimations of cross-
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pol backscattering coefficients. The bicontinuousdia phase matrix was also combined with

DMRT to predict brightness temperature and backsgag coefficients [33] [49]. The multiple
scattering effects are accounted for by solving \thetor radiative transfer equation using a

discrete coordinate approach based on the quadragenvalue analysis [15].

In all of these approaches, when both brightnespéeature and backscattering are of interest,
either completely different models are used forspaesand active, respectively, or even if the
same model is used, one needs to feed the modeldifferent parameters in order to get
agreement with field measurements. Typically, ié dixes the input parameter for both active
and passive microwave models, and tunes paramgtensatch the measured backscattering
coefficients, then the model prediction of briglgsmeemperature will be too low. This is because
of the ignorance of the backscattering enhancera#fetts in the radiative transfer equations.
Radiative transfer theory only includes the ladderms of the Feynman diagrams.
Backscattering enhancement is due to the cyclcaid of the Feynman diagrams [12] [18] [50]
[51]. In the backscattering direction, the forwgrath and reverse path have exactly the same
phase shift and give constructive interference hef two scattered fields. However, as the
scattering direction deviates from the backscattedirection, the coherent addition of fields
quickly degrades to the incoherent addition of gperThe phase of two scattered fields
fluctuates due to the random position of scattereading to a peak of finite angular width
spread near the backscattering direction. Baclsoagt enhancement is of less importance in
passive remote sensing because the angular widtenbancement is small and does not
contribute much to energy transport of radiatianbé&ckscattering, this effect has been observed
in laboratory experiments of optical scatteringdehsely packed latex microspheres suspended

in deionized water for both co-polarization andssrpolarization [52] [53]. The depolarization
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effects of the enhanced retro-reflectance in volseegtering due to multiple scattering effects

differs itself from surface scattering exhibiting wross-pol enhancement [53]. This has been
explained by analytically summing up all the ladderd cyclical terms in purely volume
scattering using the wave approach [50] [51]. Obéckscattering enhancement in volume
scattering was considered in [50] [51] becauseotecal thickness of the colloidal sol was so
large that the boundary effects were essentialgligible. The enhancement also occurs when
there are interactions with boundaries. The eféect also be exhibited with the distorted Born
approximation [54]. However, the distorted Born rp@mation only accounts for single volume
scattering. Single scattering quickly saturateshwite increase of optical thickness. In [15]
multiple scattering was included in the frame wark radiative transfer but backscattering

enhancement was not accounted for.

The solution of radiative transfer equations agreis the wave approach if cyclical correction
is included. The cyclical correction for co-polaion is easily done by a factor of two for the
contribution of the cyclical terms [18]. The cy@lderms could be easily tracked by solving the
vector radiative transfer equation using an iteet@pproach. With the iterative approach, the
higher order scattering is updated from lower ordeattering. Thus the contribution from
different scattering orders is separated and ttiessoa natural evaluation of multiple scattering
effects. Each scattering order is comprised of mamysically interpretable terms; each term is
corresponding to a unique scattering path, depgnoimthe sequence of volume scattering and
surface bounces, and contributes to certain kingtaftering mechanism [18] [32]. Those terms,
if the sequence of scattering and surface bourgesversed, that is corresponding to another
physically distinct term, are identified as cycliterms. Manual manipulation of all these terms

is not feasible for higher scattering orders. Thusumerical iterative approach is adopted to
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automatically keep track of all these scatterinthpaln the numerical iterative approach, the

specific intensity is discretized with respectt®three independent coordinatesp andz. For
most random medium with azimuth symmetry, the phaatrix is only required at one fixed
azimuth incidence angleb;. The iteration is carried out numerically to higleeder until the
convergence of backscattering coefficients. Theliclc terms are identified and their

contribution is doubled when being included in thi@l radar backscattering.

The vector radiative transfer equation will be solwvith two reflective boundaries both at
bottom and on the top, as in the case of terréstnewpack scattering. This is an extension of
the research where only one bottom reflective bann considered as in the case of vegetated
surface layer scattering. The phase matrix anchetidin matrix of these two cases are of course
different. Both QCA with sticky spheres and bicantus / DDA scattering model are applied to
account for the dense medium scattering effects. Q6A model is applied to compare results
with the previous work [15]. The bistatic scatteriresult of the numerical iterative approach
agrees with the quadrature eigenvalue analysisoappr if cyclical correction is ignored.
However, the backscattering with cyclical correatids significantly increased. The
backscattering enhancement effects are evaluatiédaboX- and Ku- band for co-polarization.
The bicontinuous / DDA phase matrix is then apptethe ground data acquired in the NOSREXx
campaign in the snow season of 2011 to 2012 b¥itiish Meteorological Institute (FMI) under
an ESA contract in Sodankyla northern Finland [B3][ Radar backscattering coefficients is
predicted using this numerical iterative approaclthwcyclical correction. Brightness
temperature is predicted by a separate DMRT cotle willtiple scattering effects included [48].

The same set of snowpack parameters is appliediltReshow good agreement with multiple
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channel observations of both scatterometer (X- te and) and radiometer (X- to Ka- band)

data.

This Chapter is organized as follows. In SectioR, 3he numerical iterative approach with
cyclical correction is formulated. In Section 3QCA phase matrix is applied to compare
bistatic scattering results with [15] and to ilkadé the backscattering enhancement effects. In
Section 3.4, bicontinuous media phase matrix idieghgo valid the model against active and
passive multiple frequency observations from the&SRBEx campaign. Finally, conclusions are

drawn in Section 3.5.

3.2NUMERICAL ITERATIVE APPROACH WITH CYCLICAL CORRECTION

3.2.1 DMRT and iterative approach

€o

Figure 3-1 Active remote sensing of a snow layer

First consider the active remote sensing of a stey®r with thicknessi above ground, as

shown in Figure 3-1. Region 0 is air, region 1 n®w and region 2 is ground. The ground
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surface could be either flat or rough. The vectenst media radiative transfer (DMRT)

equations governing the specific intengi€g, ¢, z) [15] [18] [32] are

cos 9% =—k, - 1(0,¢,2) + S(6,,2) (3-1a)
—cos 8 % =—k, - I(m—06,¢,2) + W(,9,2) (3-1b)

Kk, is the extinction coefficient. The source ter§®, ¢,z) and W (6, ¢, z) are related to the

specific intensity by phase matix

21 /2 _
S5(6,¢,2) = f dqb'f de' sin@’ [P(G, $;0',¢") - 16,9, 2)
0 0

(3-2a)
+P6,¢;m—06',¢") - I(m—6',¢",2)]
21 /2 _
w,p,z) = f dqb’f do' sin 6’ [13(71 —-6,0;6',¢")-1(6',9',2)

0 0 (3-2b)

+P(m—0,¢;1—0,¢") -I(m—0",¢"2)]

The top reflective boundary conditionzat= 0,
I(m—6,¢,z=0)

= R10(0)I(6, ¢,z = 0) (3-3a)

+ 72101(90)1_05((305 0o — €0S Bpinc)8(P — Pinc)

and the bottom reflective boundary conditiorx at —d,

I_(H, ¢:Z = _d) = ﬁlz(e)l_(ﬂ - 8, d),Z = —d) (3'3b)
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The angle in air regiofl, is related to the angle in snow regiérby Snell's law,n, sin 8, =

nysinf. ny = /&, /g, . & is the real part of the effective dielectric camdtof snow. The
incidence angle in air regiofl;,. is also related to ang,. in snow region by Snell's law.
ﬁlo(e) and 1312(9) are the reflective matrix on the snow-air boundang the snow-ground

boundary.7=‘01(90) is the transmissivity matrix from air to snow [18P].

When the bottom boundary is rough with rms heightthe coherent reflectivitﬁlz(e) IS
multiplied by an attenuation factok? following Kirchhoff approximation, wherek; =

exp(—2(n,k cos 8 h)?). k is the wavenumber in free space.

The DMRT equation could be casted into two couplaegral equations using method of

variation of variables,

1(6,9,2)
= exp(—k,(z + 2d) sec ) R,,(0)Z72(6)Ty1(00)Io8(cos 6y — cos Oyinc) 8 (¢
- ¢inc)

+ sec O exp(—k,(z

_ _ _ 0 ~ (3-4a)
+ 2d) sec8) R1,(0)Z 1 (8)R,0(0) f dz' exp(k,z' sec8) S0, ¢, z")
-d

B _ 0
+ sec O exp(—k,(z + d) sec8) R;,(0)Z71(0) f dz' exp(—k,(z'
-d

z
+d)sec)W(8,¢p,z") + sech f dz' exp(k,(z' —z)sec8) S(6,¢,z")
-d
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I(mr—6,¢,2)

= exp(k,z sec ) Z~1(0)T1(80)Io5(cos 8y — cos Boinc) (@ — Pinc)

pa— p— 0 -
+ sec 8 exp(k,zsecH) Z'-l(e)ﬁm(e)f dz' exp(k,z' sec8) S(6, ¢, z")
-d
(3-4b)

~ _ _ 0
+ sec O exp(k,(z—d)sec) Z~1(0)R,,(6)R1,(8) j dz' exp(—k,(z'
-d
—_— 0 [—
+d)secO)W(,¢,z") + sech j dz' exp(k,(z' —z)secO) W (0, p,z")
Z

whereZ(6) = I — R,,(0)R,,(6) exp(—k,2d sec 6).

Equation (4a, 4b) could be solved using iteratippraach,l = (¥ + [ + ... by viewing$
andW as small perturbations. The zero-th order solufi®h known as the reduced solution, is
the first term in equation (4a, 4b) and does nottridoute to backscattering. Theth order
solution /'™ (n = 1,2, ...) could be updated from lower order solutiffi—» through source

termsS™ andw ™

(9, ¢, 2) = exp(—k,.(z + 2d) sec ) Ry, (0)Z7*(0)R,0 ()5 (6, $)
+ exp(—k,(z + d) sec®) Ry, (G)Z:_l(G)WC(n)(H, o) (3-5a)

+S™ (0, ¢,2")

™(r—0,¢,2)
= exp(icozsec6) 271 (0)R10(8)ST (6, )
(3-5b)
+ exp(ie(z — d) sec ) 271 (B) R (O) R, ()W, ™ (6, d)

+ W, (6, p,2")
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wheres,. ) (6,¢9) =secH f_Od dz' exp(k,z' sec8) S™ (8, ¢, z"),
(n) (n) (n)
0, ¢) = sech dz' exp(—k,(z' + d) sec®) W™ (0, p,2z") and 0,¢,2) =
sec@f_zd dz' exp(k,(z' — z) sec8) S™ (0, ¢, 2"), (")(9 ¢, z) = sech dz' exp(k,(z' —

z) sec @) W™ (0, ¢, z") are defined for short.
S™ andW ™ are related t6™~V by equation (2a, 2b), with™ andw @ given explicitly,

sW (o, o, z) = 5(9, ®; Oinc d)inc)M(O) (einc) exp(_Ke (z + 2d) sec einc)

(3-6a)
+ 13(9, ¢; m— einc: d)inc)lv(o) (einc) exp(KeZ sec einc)
w® o, ¢, z) = ﬁ(TL’ — 0, ®; Oinc, ¢inc)M(0) (Hinc) exp(_Ke (z + 2d) sec Hinc)
(3-6b)
+ F(ﬂ —0,¢; T — Oinc, ¢inc)1v(0) (einc) eXp(KeZ sec einc)
where MO Bin0) = Rz (0ine)Z ™ Ginc) Tor (Boin) o 2o, and

'Va 0 inc
N(O) (einc) - 1(91nc)T01(901nc)10 M

£1€0SBinc

The contribution to bistatic scattering coefficien&g)(eo,@ Boine Pinc) and backscattering

coeff|C|enta(")(90mC, ®inc) from then-th order specific intensiti™ (8, ¢, z) is [15] [18] [32]

_cos 0I5 (B0, $)

Cos QOII’IC IOll’lCO_’

(n) (901 ®; Ooincs Pinc) = (3-7)

Uéz) (eoinc' ¢inc) = Cos BOinc V[,(’Z) (eoinc' m+ ¢inc; eoinc' ¢inc) (3'8)

where then-th order specific intensity in the air regidﬁ)(e, ¢) is related ta™ (6, ¢, z) by

transmissivity matrix from snow to aif;(6), IS(6,¢) = T10(6) - I™ (6, ¢,z = 0). The

overall bistatic scattering and backscatteringnésgum of contribution from each order.
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When the underlying boundary is rough, surface tedag also contributes to

backscattering by = g40(6inc) exp(—2k.d sec 6;,.), Where g4,(0ic) IS the bare surface
backscattering coefficient at the incidence angsedie the snow medium. The bistatic scattering

effects of rough surface is ignored.
3.2.2 Cyclical correction and backscattering enhancement

The advantage of iterative approach is that each te the expression is corresponding to a
physical interpretable scattering path. A scattepath describes the intensity flow in terms of
scattering and reflection. The direction of enefigy is automatically separated into upwelling
and downwelling, as implied by equation (2a, 2bjt®explicit form of £ order in equation (6a,
6b). ST (0, ¢,z) and W™ (6, ¢,z) are separated into upward and downward component

depending on the direction of the lower order dipetitensity flow being collected,

27 /2 _ _
56, ¢,2) = f dg’ f do'sin0'P(6,$;0',¢") - I""V(0",¢",2)  (3-93)
0 0

_ 21 /2 _
S, ¢,2) =f dcp’f do’ sin@ P, ¢;m —6',¢")
0 0

(3-9b)
D (-0, ¢, 2)
_ 21 /2 _
W0, ¢,2) = ] d¢' | d6'sin0' P(m—0,¢;6',¢") - 1"V, ¢',2)  (3-9)
0 0
. 21 /2 _
w6, ¢, 2) =] dp' |  do'sin®' P(mr—6,¢;m—0',¢")
0 0 (3-9d)

D (-0, ¢, 2)
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Note ST, 5 W™ and W™ denotes all four possibilities of transition in energy flow

direction due to scattering by particle once. Thgoation (5a, 5b) is automatically ground into

four parts,

(6, ¢, z) = exp(—k.(z + 2d) sec0) Ry,(0)Z71(0)R1(6)ST (6, $)

(3-10a)

+S™ (0, ¢, 2)

I_(n) 6, $,2) = exp(—k,(z + 2d) sec0) R;,(6)Z~ 1(9)R10(9)S(n) 6, 9)

(3-10b)

+55(6,¢,2)
I?,,%(G, ¢,z) = exp(—k.(z + d) secH) §12(9)Zz‘1(9)WC(J’)(H, ®) (3-10c)
(6, ¢,2) = exp(—k.(z + d) secH) R,,(0)Z"(OIWP (6, $) (3-10d)
I_(n)(n 0,$,2) = exp(k,zsec8) Z-1(8)Ry(0)STP (6, p) (3-10e)
I (1w —0,¢,2) = exp(icozsec) Z71(0)R10(0)S™(6, $) (3-10f)

oo —0,¢,2)
= exp(k.(z — d) sec§) 2 (O)Ryo (O)R12 (WS (6, ¢)  (3-100)
+ W0 (6, ¢,2)

o —6,,2)
= exp(i, (z — d) sec8) Z~2(6) R, (0) Ry, ()W (6, ¢) (3-10h)

+ W6, ¢,2)
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whereS?, §T s ¢ g w® W™ and W Mare defined similar taS™”, SV,

2
w ™, andW,™ by introducing a new subscriptd in S™ andW ™. It immediately follows
that each term i 1Y(6,¢,z) contributes to two terms ih™ (8, ¢,z) and two terms in
I™(m—0,¢,2), and each term if™ V(- 6,¢,z) contributes to another two terms in
™ (0, ¢,z) and two terms in™ (-6, ¢,z). A simple deduction results in a total 4F
separated terms i’V (0, ¢, z) as a result of two reflective boundaries, whickaglly increases

the number of scattering paths. All these termsldcdae separated through the bridging

connection o8, S, W™ andw (™.

Figure 3-2 illustration of scattering terms
(a) non-cyclical term in®Lorder backward volume scattering
(b) non-cyclical term in torder volume scattering with twice bounce fronface
(c) dual cyclical terms in®lorder volume-surface double bounce scattering

(d) dual cyclical terms in™ order volume scattering with twice bounce fronfaces
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In Figure 3-2, several scattering terms are ilatstl for example. Each term is depicted by a

scattering path in backscattering direction. Inegah for each of these paths, if the energy flow
direction is reversed, it is corresponding to aaoftiistinct scattering and reflection process. In
backscattering direction, if this also holds, iaigyclical term, as shown in Figure 3-2 (c, d). A
cyclical term is special that in backscatteringediion, the two scattering fields of the two
reverse scattering processes are identical forotoppth in magnitude and phase. The coherent
addition of fields gains a factor of two comparit the incoherent addition of intensity.
However, there are also non-cyclical terms, as shiawigure 3-2 (a, b). If the non-cyclical path
is reversed, it is still itself, representing trean® physical scattering process in backscattering
direction. It is possible to determine whether amtes cyclical by examining its representing
paths as being automatically traced in the itenat® close examination reveals that only two
non-cyclical terms exist, as given in Figure 3-2l{a These two terms are the directly volume
backscattering Figure 3-2 (a) and the reflectidlofeed by the backward scattering followed by
reflection Figure 3-2 (b) in first order scatterii@pth these terms involve the backward volume
scattering in first order. This is true becausedy higher order scattering, the scattering events
of the succeeding scatterers could always revergaesice to form a physically unique dual

scattering path even in backscattering direction.

The cyclical correction of the radiative transfesults involves the identification of cyclical

terms and the inclusion of a factor of two for wntribution from these termsy is used to
denote contribution to backscattering from cyclitadms, andoyq,cyc to denote contribution

from non-cyclical terms, then

0 = Ocyc T Ononcyc (3-11a)
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Ocor = 2O-cyc + Ononcyc = 20 — Ononcyc (3-11b)

whereo is the total volume backscattering without cydlicarrection, and,, is the corrected
total volume backscattering. This cyclical correstionly applies to co-polarization volume

backscattering.

3.2.3 Numerical recipein iteration

In this subsection, the author describe the nurakrierative approach, in particular how to
evaluate the angular integral in equation (2a,d2l(Pa - 9d), and the z- integral in equation (4a,
4b) or the definition of t§, $™, W™ andW,™.

First consider the typical angular integral of dra (9a). The author applied Gaussian-
Legendre quadrature f@-integral and trapezoidal quadrature &t integral. Considering the

azimuthal symmetry of phase matriX(6, ¢;6',¢') with respect top — ¢', the discretized

version of equation (9a) reads

Np  Ng
S0t 2) =00 ) D @lP(8udy = 9,1:60.0)
Yoy (3-12)

T (00, ,0,7)]
where 8, (k =1,...,N;) are the Gaussian-Legendre quadrature points, pyith cos(8;) the
positive half of theN,, roots of Legendre polynomial @iV,-th order andz, the corresponding
Gaussian-Legendre quadrature weightg,aip, = pA¢ (p = 0,1, ..., N,, — 1) are the uniformly
spaced trapezoidal quadrature points, with = 2r/N,. Note phase matrii(@,cp; o', ¢") is
only required at the grid poinfs(ek,cpp; 0, ,0), and the summation ovér, in equation (12)

forms a cyclical convolution, and could be accdbatdy FFT.
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Three kind ofz-integrals are encountered in the form f(_?& dz'f(z) as inS™ and W™,

f_Zd dz'f(z") in S™ and fzo dz' f(z") in W ™. The author sampleg uniformly atz, = —d +

qAz, Az =d/N,;, q=0,1,..,N;, and denotef(z,) with f,. Then f_(;dz’f(z’) could be

evaluated with trapezoidal quadrature rule directly
Ng—1
0 Vo) 1 1
f dz'f() = 2| Sfo+ D fu+5 1y, (3-13)
-d g
q'=1

fZ; dz'f(z") andfz0 dz' f(z") could be evaluated recursively,
- q

Zq zg-1 Az

f dz'f(z") = f dz'f(z") +7(fq_1 + fq),q =1,..,N, (3-14)
-d -d
0 Az 0

f dz'f(z') = 7(fq + fy41) +f dz'f(z'),q =N, —1,..,0 (3-15)

with f_Z; dz'f(z') =0 andeONq dz'f(z') = 0.

Note the angular integral as illustrated in equaf®?) is to be applied for any sampling point of
zg. An estimation criterion of typical numerical pareters is provided. The discretization
number offy, ¢, can be set a, = 16 andN, = 32 for relatively smoothly changing phase
matrix; the discretization number gf could be related to the optical thickness of sitayer
T=k.d by N, =max(r/0.05,8); the sufficient scattering order for the conveigenof
backscattering could be related to the opticakiinéssr and the scattering albedo = k,/x, as

max(wt/0.1,5).
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3.3 DISCUSSIONS ON THE DMRT SOLUTIONS

In this section, the scattering model of QCA witiclsy spheres is applied to compute the phase
matrix, extinction rate, and effective permittivity snow at X- and Ku bands. The results of the
iterative approach are then compared with the pteviwork [15] to illustrate the multiple

scattering effects and backscattering enhancenfiects

Bistatic scattering coefficient for VV like-pol

Multiple Scattering Solution (eigen-analysis)

Bistatic scattering coefficient (dB)

15 order solution (analytical)

25| mmmmn VV (iterate up to 20t order) - J; -
—+— vV (iterate up to 15 order) i

.30 ; ; ; | | | T
-60 -40 -20 0 20 40 60

Scattering angle ()

Figure 3-3 VV like-pol bistatic scattering coeffait without cyclical correction with grain size

1.4mm, frequency 17.5GHz, incidence angle 54°,smuv depth 100cm.
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Bistatic scattering coefficient for HH like-pol

Bistatic scattering coefficient (dB)

6 ; ,:«’*'1 ; ! — T — L
,‘ff | Multiple Scattering (eigen-analysis) | *+
7 P 15% order solution (analytical) |
'8’7"(”’””?” """ HH(iterateuptoZOthorder) ]
"l | . al ; st |
| HH (iterate up to 1> order) |
1 1

1
-60 -40 -20 0 20 40 60

Scattering angle ()

-10

Figure 3-4 HH like-pol bistatic scattering coefént without cyclical correction with grain size

1.4mm, frequency 17.5GHz, incidence angle 54°,smuav depth 100cm.
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Bistatic scattering coefficient for cross-pol

,,,,,,,,,,,,,,,,,

T : Multiple Scattering (eigen-analysis)
| mm— VH: Multiple Scattering (eigen-analysis)

8 | HV: iterate up to 20" order
| —+— VH: iterate up to 20! order

Bistatic scattering coefficient (dB)

Scattering angle ()

Figure 3-5 Cross-pol bistatic scattering coeffitieithout cyclical correction with grain size

1.4mm, frequency 17.5GHz, incidence angle 54°,smuav depth 100cm.

The author considered a snowpack with thickress100cm, snow fractional volume 25%, and
ice particle grain diameter 1.4mm. The radar inctgeangle is 54°, and frequency is 17.5GHz.
The ice permittivity is set to be 3.15 + 0.00liddtat ground permittivity 3.2 + 0.002i. The
QCA stickiness parameter is 0.1. The optical thedar = 1.98, and scattering albedo =
0.98. The author carried out the numerical iterationttmpZOh order. In Figure 3-3 to 3-5, the
bistatic scattering coefficient on the incidencang is compared against the analytical first order
result [15] and the multiple scattering resultsngsihe quadrature eigenvalue analysis method
[15]. Results agree very well as the cyclical cotimn is not included in the bistatic scattering.

The contribution to backscattering from differemti@rs with and without cyclical correction is
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shown in Figure 3-6. Note that with QCA phase mathiere is no cross-pol in"‘lorder

backscattering. So the accumulation bar diagramcfoss-pol starts from the"2order. The
author only applied cyclical correction hence baeki®ring enhancement to co-pols. The rate
that the scattering order converges depends ooptieal thickness and scattering albedo. In this
case, contribution from the first ten orders is a@mant. The cyclical correction to®lorder
scattering is minor, since the two double bouncengeare small compared to volume scattering
term. The cyclical correction to all the other osleloubles their contribution. Figure 3-7 is
similar to Figure 3-6 but frequency is changed tdahd (9.6GHz), where optical thickness
T = 0.29, scattering albedar = 0.96. Convergence of backscattering coefficients isefafor
this smaller optical thickness. The author iteratpcdto %" order and contribution from the first
three orders is important. It is clear that thestfiorder scattering plays a more significant
contribution in this thin optical thickness casedahe backscattering enhancement is even
observable in 3 order for horizontal co-pol because of the inceealimportance in the double

bounce scattering.



84

wlume backscattering

A%

VV correction

HH

HH correction

HV

VH

Figure 3-6 Contribution to volume backscatteringhwiwithout cyclical correction from each
scattering order at 17.5 GHz. Sections of barsati¢ipe relative effect of scattering orders from

left (1% order for co-pol and™ order for cross-pol) to right (Zorder).
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wlume backscattering

A%

VV correction

HH

HH correction
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VH

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Figure 3-7 Contribution to volume backscatteringhwiwithout cyclical correction from each
scattering order at 9.6 GHz. Sections of bars ddéipécrelative effect of scattering orders from

left (13 order for co-pol and™ order for cross-pol) to right {5order).
3.4MODEL VALIDATION WITH NOSREX CAMPAIGN

Finnish Meteorological Institute (FMI) has hostede t Nordic Snow Radar Experiment
(NoSREXx) campaign [8] [55] under an ESA contragct flmur successive winter seasons since
November 2009 through May 2013. The NoSREx campuaigsa performed near the town of
Sodankyla in northern Finland, about 100km nortithaf Arctic Circle. The objective of the
campaign was to provide a continuous time serieicidental active and passive microwave
observations of snow cover, as part of Phase Aedudr the proposed ESA CoReH20 mission.

The main site for NOSREXx activities is located afIFArctic Research Centre (FMI-ARC),
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known as the Intensive Observation Area (IOA). TH2A hosts three experimental

microwave instruments: SnowScat, Elbara-Il and SmtiRSnowScat is a frequency scanning
scatterometer operating from X- to Ku- band (123 and 16.7GHz); Elbara-1l is a radiometer
operating at L band (1.4GHz); SodRad is anothetoraeter operating from X- to W- band

(10.65, 18.7, 37 and 90 GHz). All these three mi@ree instruments are installed on tower,
providing backscattering coefficients and brightneemperatures measurements at four
incidence angles (30°, 40°, 50° and 60°). The dislsted backscattering coefficients dataset of
SnowScat is averaged over the full azimuth scageaim situ measurements at IOA consist of
manual snow pit measurements as well as extensivenated measurements on snow ground
and metrological parameters. The area is mostlyersaly with sparse pine forest, as a
representation of the typical Arctic boreal foréBhe measurement sectors of the microwave
instruments are located in a forest clearing. Tdeation of the instruments, the approximate
field of view of the instruments, and the locatafmmanual snow pit observations are depicted in

Figure 3-8.
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Weekly snowpit measurements included the measureaighe snow temperature profile,

measured using a digital thermometer at 10 cm oadrtiesolution, the snow density profile,
measured using a manual scale at a 5 cm vertisaluteon, as well as bulk snow density and
SWE, using a large manual scale. Snow stratigrélplygring) was identified visually and by use
of a manual aid based of changes in snow hardmsssnow grain size and type were identified
following Fierz et al. (2009). However, snow graize was also analyzed in post-processing
from macro photography, giving an approximate gsare for each layer at the precision of ¥4
mm. A total of 31 snowpit measurements were madmglthe season of 2010-2011; 20 of these
were made in dry snow conditions, between Novendi®¥r2010, and March 29 2011. The
grain size values represent the average of meagynad size values over the snowpack,
weighted by the respective depth of each layer. adeage grain size (of depth-weight values)
in the dry snow period was 1.4 mm, with a stand#ediation of 0.2 mm. The large standard
deviation reflects observer errors which originétem the highly subjective measurement
methodology. Nevertheless, the mean grain sizeatsflsnowpack metamorphism and average
conditions: the initial rise in mean grain sizevibetn November 2010 and January 2011 reflects
an increase in snow grain size due to snow metdmssrp On the other hand, the slightly
decreasing trend between January and March, 2@ilécts the increase of fine-grained snow
through precipitation, decreasing the average gia|e. Snow metamorphism continued in older

snow layers also during this period.

Automated data from the site include measuremeras dtemperature, soil temperature at 2 cm
depth, soil moisture at 2 and 10 cm depths, as aslsnow depth. All automated data was

recorded every ten minutes. The first snowfall led season occurred on October 29th, 2010.
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Temperatures on the following days remained abaeezing point (up to +3°C) causing

some initial melt of the fresh snowpack. Howeveonf November 10 onwards, temperatures
remained below zero until MarcH% 2011, when temperatures rose to +1.7°C. Simiarts
periods of above-zero temperatures were experiemcesveral occasions in March. Initial cold
temperatures in November, combined with a relagigblallow snowpack of < 20 cm resulted in
a rapid freezing of the soil. Low values of meaduelumetric soil moisture (< 0.05 m3/m3),
after mid-November in Figure 3-2 reflect the lowrpétivity of frozen soil measured by the soll
moisture probes. Major precipitation events (10 omover increase in snow depth) were
experienced on December 8th, January 17th, and HVidith. Sustained periods of snowfall
lasting several days occurred between 30 Decend®di) and January 8th, 2011 as well as
between January 31st and February 8th, 2011. Amarisnow depth of 80 cm (ca. 170 mm in

SWE) was reached in March.

In this section, the SnowScat backscattering caefits observation at three frequencies ranging
from X- to Ku- band (10.2, 13.3 and 16.7GHz) an@& tBodRad brightness temperature
observation at three frequencies ranging from XK#& band (10.65, 18.7 and 37GHz) are
selected to compare with model prediction. Fiveresentative dates with backscattering
coefficients, brightness temperature observations snow pit measurements collected during
the winter season of 2010 to 2011 are chosen. Bwgls temperature and backscattering
coefficients collected at 40° incidence angle asedu The iterative approach with cyclical

correction is used to compute backscattering adefft, and a separate passive DMRT code [48]
based on quadrature eigenvalue analysis is ussshtpute brightness temperature with multiple

scattering effects. The bicontinuous media / DDAt&ring model is used to compute the phase
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matrix, effective permittivity, and extinction ratef snowpack. The same bicontinuous

media parameter is applied to both active and passbdels for all the six microwave channels.
The bulk density and thickness of the snowpackker directly from the ground measurement.
The ground is assumed to be rough with rms heighiron and exponential correlation length of
4mm. The ground relative permittivity is set to @ + 0.001i. The surface backscattering is
taken from a pre-built lookup table based on nucagrsolution of Maxwell equations in 3D
(NMM3D) [30] [31] [56] and then attenuated by theos layer. The vertical co-polarization
backscattering coefficients is plotted versus SW& eompared against measurement in Figure
3-9. The brightness temperature is plotted ag&@W¢E in Figure 3-10 to 3-12 for three different
passive frequencies, respectively. It is promigmg@bserve that one set of physical parameters,
when feeding into physical scattering models, caoultch microwave measurements in all six
channels, for both active and passive. Withoutdydical correction, the model prediction of
brightness temperature would be too low if the saakering coefficients get agreement. The
backscattering coefficients and brightness tempegas again plotted against frequency for data
taken on Jan. 12, 2011 in Figure 3-13 and 3-1l4edsgly to illustrate typical frequency
dependence. The measured snowpack properties sutiean grain size, bulk density, and the
defining parameters of the bicontinuous me@ia and b are also listed in Table 3-1. The

bicontinuous medi&) andb are derived in a similar way as documented in.[49]
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Figure 3-9 Radar backscattering coefficients ag&@NgE for vertical co-pol



92
Brightness Temperature @ 10.65 GHz
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Figure 3-10 Brightness temperature against SWB.&5GHz
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Figure 3-11 Brightness temperature against SWB.at GHz
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Brightness Temperature @ 36.5 GHz
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Figure 3-12 Brightness temperature against SWHB.& GHz

Figure 3-13 Radar backscattering coefficients aggdrequency for data taken on Jan. 12, 2011
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Brightness Temperature Jan. 12, 2011
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Figure 3-14 Brightness temperature against frequénaata taken on Jan. 12, 2011

Table 3-1 Snowpack properties and bicontinuous anpdrameters

Mean grain size| Density [g/ cc] Q) [m™1] b
[mm]
Jan. 12 3.0 0.163 10000 2.0
Jan. 18 2.8 0.152 10000 1.2
Feb. 01 4.0 0.180 9000 15
Feb. 08 2.0 0.143 11000 1.0
Mar. 01 2.0 0.193 11000 2.0
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3.5 CONCLUSIONS

Backscattering enhancement effects become esswifiteal both active and passive microwave
observation of snowpack are examined at the same it increases backscattering coefficients
without decreasing brightness temperature. A negrageh of solving vector DMRT equation
with inclusion of cyclical terms using iterativegapach numerically is proposed. This approach
naturally allows accounting for multiple scatterieffects by accumulation of scattering orders.
It also allows the identification of cyclical terrasd separate out their contribution. The cyclical
correction of the contribution from cyclical ternemables vector radiative transfer theory to
agree with wave approach in co-pol backscattermgfficient. The DMRT equation is solved
using this numerical iterative approach with cyalicorrection for two reflective boundaries to
predict backscattering coefficients. Backscattegngancement effects always play an important
role in high order scattering, and with reflect@undaries, this is even observable in first order
scattering results. A separate passive DMRT code guiadrature eigenvalue analysis to include
multiple scattering effects is applied to computiglitness temperature. The scattering models
of QCA with sticky particles and bicontinuous meflilaDA are used to compute phase matrix,
extinction coefficient and effective permittivitthe bicontinuous media modeling of snow
medium, when combined with the DMRT models, get®agent with both passive and active
observations from the NoOSREx campaign. The agreensenachieved for six channels

simultaneously with the same set of physical pataraef snowpack.
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CHAPTER 4: MICROWAVE SCATTERING AND MEDIUM CHARACTERIZATION

FOR TERRESTRIAL SNOW WITH QCA-MIE AND BICONTINUOUSMODELS:

COMPARISONS STUDIES
4.1 INTRODUCTION

The Snow Water Equivalent (SWE) represents thervgtegage in the form of snow on earth,
and the estimation of SWE is important for managenoé water resources on earth and the
prediction of climate change. Active and passiverowave remote sensing have been used to
retrieve the snow water equivalent. Passive senaolsde AMSR-E and AMSR2 [4]. Active
sensors have drawn considerable interests recdiitéy.Constellation of small Satellites for the
Mediterranean basin Observation-SkyMed (COSMO-S) &&AR sensor at X band [5]. The
Cold Regions Hydrology High-Resolution Observat¢GoReH20) was a satellite mission
proposed but not selected by ESA [2] [6]. The Tedecadal satellite mission of National
Aeronautics and Space Administration (NASA) — Snamd Cold Land Processes (SCLP)
utilizes active microwave SAR at Ku band and X baimdilar to the CoReH20 design, and has
included dual-frequency (18.7 / 36.5 GHz) passivieromave radiometers [1]. NASA has
supported the Cold Land Process Experiments (CLESA has also sponsored several field
campaigns to acquire data for algorithm developménére were ground-based SnowScat [8]
and airborne SnowSAR (X- and Ku-band) campaigns [3] in Finland. SnowSAR
measurements have been made in Alaska and Canddasize ground measurements were also

taken during these campaigns.

In snow, the ice particles are packed closely &mdet are thousands of ice grains packed in a

one-wavelength cube at the microwave frequencies.tl®e propagation and scattering of
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electromagnetic waves are coherent within distaméeseveral wavelengths, the ice grains in

snow do not scatter independently. In the DenseidBRddiative Transfer theory (DMRT), the
collective scattering and wave interaction effestsdensely packed ice grains are taken into
account. The analytic model of Quasi-Crystallingpfgximation (QCA) [11] [12] [18] was first
introduced. In the medium characterization, theigas are assumed to be densely packed and
can also adhere together to form aggregates. Bethasaggregates are no longer much smaller
than one wavelength, the Mie scattering’s T masgriaee used in the QCA model, making it a
QCA-Mie-DMRT model. Salient features of the QCA-DWMRare: Firstly, the frequency
dependence can be much weaker than independetdrsaat Secondly, the phase matrix has
more forward scattering than the Rayleigh phaseixnbécause of the aggregation effects. The
strong forward scattering is also a feature thaassumed in the HUT Model [28] [29]. The
MEMLS [24] [25] assumes a Rayleigh phase matrixcdddly, 3D computer simulations of
microstructures of snow based on the bicontinuoodehare used to resemble that of real snow.
3D numerical solutions of Maxwell equations are pated using DDA for the automatically-

generated snow.

In snow microstructure characterizations, the QCAdel uses single size, single size with
stickiness, and multiple sizes. The correlationgaiticle positions are described by the pair
distribution functions, and the Percus-Yevick pdistribution functions will be used. In

bicontinuous medium, the model paramet&rs and b will be used. From the bicontinuous

wavenumber distribution, the correlation functioancbe derived. A key question in snow
scattering model is how to obtain model parameteosn ground snow measurements.
Measurements of single grain size, multiple grazes and SSA have been made. If a digitized

picture of snow is obtained, the correlation fuoctcan be derived. Vallese and Kong studied



99
the correlation functions of snow and ice sample}.[If the correlation function is examined

close to the origin, the correlation function i®sg to exponential function. The correlation
length as derived in this manner is small betwe@ndm to 0.4 mm. When substituted such
small correlation length into the physical modefives Rayleigh scattering and Rayleigh phase

function.

In this chapter, two dense media models — the Q@wigle model and the bicontinuous model
are compared. For the QCA model, the single sizé wtickiness, and the multiple sizes are
used. For the bicontinuous model, Gamma distrilngtiare used to describe the wavenumber’'s
probability distributions. Then the extinction ci@knts and the phase matrix are compared.
The correlation functions can be derived from tlar mlistribution functions. These can be
performed in the spatial domain or in the Fouriansform domain. Based on the pair
distribution functions, the derived correlation ¢tions have tails that agree with the correlation
functions of bicontinuous model. Both models arfedent from the exponential correlation
functions which do not have tails. Because scatjedepends strongly on size, the tails of
correlation functions contribute to varied scattgrbehavior that depart from Rayleigh scattering

and Rayleigh phase functions.

In Section 4.2, the scattering properties of QCAdei@nd bicontinuous model are compared by
computing the phase matrices, extinction coeffigseand mean cosine of scattering. The case of
multi-size QCA and the bicontinuous model are paftérly compared. In particular, the size
distribution of QCA whose frequency dependence hestdicontinuous model will be shown. In
Section 4.3, the pair distribution functions arediso derive the correlation functions of QCA
model. The results are cast in the spatial domaththe Fourier transform domain. In Section

4.4, using the Percus-Yevick pair distribution fiimies, the covariance functions of exponential,
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single size with stickiness, and multiple sizessirewn. They are compared with the covariance

function of bicontinuous medium, particularly payiattention to the tails of the correlation
functions. In particular, a multi-size case is stdd such that it matches the bicontinuous
correlation function asymptotically in the tail. Bection 4.5, methods are suggested on how
input parameters of QCA model and bicontinuous rhadbn be obtained from ground

measurements.
4.2 SCATTERING PROPERTIES OF QCA AND BICONTINUOUSMODELS

First the phase matrices in the 1-2 frame are compd-2 frame is defined as the plane formed
by the incident and scattered directions [32]. Tepolarization phase matrices aPg(0)

(i = 1,2) and the cross polarization phase matricesPy€®) (i # j), where® is the angle
between the incident and the scattered directi®nrs.0 represents forward scattering direction,
while ® =  represents backscattering direction. However, lthend 2 unit vectors are not
constant in space. Consider incident wave direction, and let polarization lig,,. = £. Let the

scattered wave be in the directibn= sin 6 cos ¢; £ + sin 6, sin ¢ § + cos 6 2. Then in 1-2

frame
cos® = cosb (4-1a)
e = 6
1; =1, = —cos ¢sP + sin P& (4-1b)
2, =k; x1; = cos ¢p;x + sin ¢p¢P (4-1c)

Therefore the electric fields in 1-2 directions are

E;; = sin ¢y (4-2a)
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E,; = cos ¢y

Eis = f11(8s)sin ¢y +f12(95)COS os (4-2b)
Eys f21(65)sin ¢ + f5(65)cos ¢

The square of the magnitude of the scattered aldwids are
|Ess]? = |f11(95)|251n2 s + |f12(95)|20052 s + 2Re(f11(95)f1*2(95))sin ¢scos g (4-2c)

|E2s1? = |f21(65)|*sin® ¢s + | f22(65)]%cos® ¢ + 2Re(f21(95)f2*2(95))sin ¢scos s (4-2d)

In the angular integration, the cross terms integi@zero. So the scattering coefficients is [32]

1" . 2r ) , (4-3a)
i = | dossing, [ dguUBl + 1Bl
0 0
1 (™ (4-3b)
k=5 | dOsinOlIf O + @I + fa©@F + |£(@)1
0
" 4o ) ) ) ) (4-3c)
Ks = ﬂf d® sin O[|P;1(0)[° + |P12(0) | + [P,1(0)]* + [P52(©)]*]
0
Mean cosineff) describes the angular distribution of phase oadrilt is defined as
Jy d0'sin 6 cos 0 [P11(0) + P15(0) + P,1(0) + P, (0)] (4-4)

“= fgﬂ:d@ sin @ [P11(0) + P12(0) + P,1(0) + P,(0)]

The valuejii = 0 represents dipole scattering pattern or Raylemftitaring functioni = 1.0
represents all power is scattered to the forwaadtexing direction. In the HUT model is
empirically selected as 0.96 [28] [29], which igresponding to very strong forward scattering

effect.

4.2.1 QCA model
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In QCA model, the cases are single size, single with stickiness, multi-size, and multi-size

with stickiness. In the single-size sticky casee tiwvo parameters are the grain size or the
diameter of spherical particle, and the stickinpasameterr which controls the degree of
bonding between particles [12] [42]. The stickinpasameter ranges from 0.1 to infinity. As
decreases, the particles tend to bond strongerlamger aggregates within the medium. For
T = oo, the sticky case becomes the non-sticky caséndmulti-size case, the parameters are a
size distribution. Three cases of dense media wéficle size distributions are considered:

Gamma distributiom (d), log-normal distributionn, (d) [57], and inverse-Gamma distribution

p;(d).
B (4-5a)
Po@ = oy |6+ V] ee[-G+ DG
@ ot l_ (ind — ln(d))zl (4-5b)
pL - dmo_ eXp
B+2 ( ) (4'5C)
pi(d) = m l(ﬁ +1) l l B+ 1)

where(d) is the mean sizey is the shape parameter for log-normal distribytemd 8 is the
shape parameter for both Gamma and inverse-Ganstrébdtions. Given the size distribution,
one discretizes it into multiple sizes based ondikerete sizes. Then the corresponding Percus-
Yevick pair distribution functions are used in Q€A model. The scattering properties of QCA

model are described in [12].

4.2.2 Bicontinuous model
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For the bicontinuous model, the microstructure efliam is generated as follows [13]. L%t)

be equal to a summation ¥frandom sinusoidal waves wheYeis a large number:

1 < ) (4-6)
S = TNZ cos(Gy - 7 + ¢n)
n=1
where the wavenumber vectd, and the phase termp,, are both random variables. The
magnitude of wavenumbéy, follows a probability distributiop({) ranging from 0 totoo. It is
assumed that directions of wavenumber vetoare uniformly distributed over a unit spherical
surface. The phase, follows uniform distribution between 0 a2a. The he computed value of

S(7) atr is then compared with a cutting levebiven by
a=-erf"1(1-2f) (4-7)

whereerf~1(.) is the inverse error function. The comparison leefws$ (7) anda will determine

the material to be filled at the pointaccording to the indicator function

. (L,S(#) > a,(ice) (4-8)
o) = {O,S(‘F) < a, (air)

The same process is repeated for every latticet pothin the whole simulation volume. After
each lattice point is filled, one realization ohd@am snow medium is generated. Monte Carlo
simulation will be done for the random snow medidop,solving the volume integral equation
and the Discrete Dipole Approximation (DDA), whiah further sped up by FFT [11]. The
incoherent scattering intensity will then be extedc from the scattering fields of these

realizations. Finally the phase matrices, extinctioefficient, and mean cosine are computed.

Bicontinuous model is also related to QCA multiesmodel. Let
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{=cd? (4-9)

where C is a constant and is the diameter. Therefore the probability disitibn of size is
p(d) = cd ?p(Cd™1). Thus, Gamma wavenumber distributipig (¢) is corresponding to
inverse-Gamma size distributiom,(d), log-normal wavenumber distributiom,({) is

corresponding to log-normal size distribution(d).

7 (4-10a)
Pe(0) = r(b+1)<z> [0+ <z>] o |-+ D D
3 (In¢ - ln(())l (4-10b)
pL(Q) = (\/— [
@ () (4-10c)
pi(Q) = ml(b‘*'l) l l (b+1)

where(¢) = C(d)~?! representing the mean valuefof

4.2.3 Comparison among QCA multi-size, QCA sticky, and bicontinuous model

Normalized Phase Matrices Normalized Phase Matrices Normalized Phase Matrices
1 1 1
0.8 0.8 —Pn 0.8 —Pn
. ...... p22 L N N p22
.6 5 .6 % .6
p(S) ' P& s p(Sy
0.4 - 3 ] 0.4 e 0.4
0.2 —Pn 0.2 .2t w T
o A B P2 0 0 S
0 50 100 150 2] 50 100 150 0 50 100 150
O [deg] O [deg] © [deg]

(@) (d) (9)
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Normalized Phase Matrices Normalized Phase Matrices Normalized Phase Matrices
1= 1ms 1
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Figure 4-1 Normalized co-polarization phase masrieeQCA multi-size, QCA sticky and

bicontinuous models.
Left column — QCA multi-size: (a) 10.0 GHz (b) 1%®z (c) 17.0 GHz
Middle column — QCA sticky: (d) 10.0 GHz (e) 13.6165(f) 17.0 GHz
Right column — Bicontinuous: (g) 10.0 GHz (h) 1&Biz (i) 17.0 GHz

In Figure 4-1 the normalized co-polarization pha&ﬂricesﬁij(e)) are plotted for QCA multi-
size, QCA sticky and bicontinuous model at thregd@encies (10.0, 13.0, 17.0 GHz) as a

function of©.

P;;(©) (4-11)

Pi(@) =——=(,j=12
l]( ) mé?lXPij(@) (l] )
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The parameters are: for QCA multi-sizemodel, (d) =1.0mm, =4.0, and the

twenty sizes are equally spaced between 0.1 mm7ahdnm; for bicontinuous mode{{) =

4500 m'!, b = 0.5; and for sticky particle model, grain size (diaemet= 1.0 mm; = 0.1; and

the fraction volume is 30%. Each of the phase medris normalized by its maximal value, or
P(® = 0). All the phase matrices shown in Figure 4-1 esxhibbderate forward scattering
effect, which is the major difference between demsslium model and Rayleigh scattering
model in which the phase matrices &¢(0) = 1 andP,,(0) = cos? 0. It is also seen that the
forward scattering effect becomes stronger as thguency increases. This is because with a
fixed physical size of ice grain, its electricatesiincreases with increasing frequency, hence the

stronger forward scattering.

Extinction Coefficient

4 ‘
—H-QCA multi-size
-€3-QCA sticky
3+ A Bicontinuous =B
F||_|
= 2 f
)
X
1 ]
%)

10 12 14 16 18
Frequency [GHz]

Figure 4-2 Extinction coefficients of QCA multi-seizQCA sticky and bicontinuous models.
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Figure 4-2 illustrates the respective extinction efticients of QCA multi-size, QCA sticky,

and bicontinuous models. The model parametersharsame as those used in Figure 4-1. The
extinction coefficients of all three models increass frequency increases. Frequency
dependence is extracted from the extinction cdefiis at 10.0 and 17.0 GHz. QCA multi-size
gives 3.2, QCA sticky models gives 3.3, and biguntus model gives 3.1. All of thee power

law are lower than Rayleigh scattering model of 4.0

Mean Cosine

0.5
N A -
........ P
9.3 T -
@ . 2 e |
0.1 E-QCA multi-size|
. -€3-QCA sticky
X Bicontinuous
0 | ‘ ‘

10 12 14 16 18
Frequency [GHz]

Figure 4-3 Mean cosine of QCA multi-size, QCA syiénd bicontinuous models.

The numerical values of the mean cosine derivenh fifte phase matrices for three frequencies,
are illustrated in Figure 4-3. The model parameéeesthe same as those used in Figure 4-1 and
4-2. It is seen that mean cosine increases witjuéecy for all three models. As frequency

increases, electrically larger aggregation givesnsfer forward scattering, and thus larger mean
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cosinejt. All the values of mean cosine are between 0.1 Gdd which shows the moderate

forward scattering effect.

Extinction Coefficient
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Figure 4-4 Scattering properties of QCA multi-smedel

(a) extinction coefficient (b) mean cosine

Figure 4-4 illustrates the scattering propertieQGfA multi-size model with different model
parameters. The average grain size is fixed aini) but the values of size distribution
parametep are 1.0, 5.0, and 10.0. The multiple grain sizeswaenty discrete equally spaced
sizes between 0.1 mm and 7.0 mm. In Figure 4-#i{a@)extinction coefficients are plotted
against the frequency. The extinction coefficientsease as the frequency increases, but the
frequency dependence is 3.4, 3.6, and 4.0 yhenl.0, 5.0, and 10.0 respectively. It is close to
Rayleigh scattering model whgn= 10.0. In Figure 4-4(b), the mean cosines are plottexreg

frequencies. The values of mean cosine are modanatéall between 0.0 and 0.25.

4.3 COMPUTATION OF CORRELATION FUNCTION FROM PAIR DISTRIBUTION

FUNCTIONS

In this section, the correlation function is dedvia terms of pair functions. The relation can be
expressed in the spatial domain and in the Fotraesform domain. The cases of multiple sizes
and sticky particles are also studied. It is tonmted that that Torquato and Stell [58] and
Veysoglu and Kong [59] also studied the relatiotwleen correlation function and pair function

for single size non-sticky particles.
Let O(7) be the indicator function.

1, for 7 in ice (4-12)
0, for 7 in air

o) = |

The correlation function d(7) is
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C(In —7|) = E[6(7)0(72)] (4-13)

where E[.] denotes the statistical average. For an isotrapiedium, the correlation
functionis C(|; — 1»|) which depends only on the distanee= |; — 7,|. The covariance

function is defined as
Cov(Ily — 72]) = E[0(7)0(72)] — E[0(7)]E[0(72)] (4-14a)
Cov(®) =C(A) — 7 (4-14b)
where f, denotes the volume fraction of medium. Equatiofi4h) is used in an isotropic
medium, where degrades to scalar From Equation (4-12) and (4-13), the correlafiomction
is
C(r)=PO0)=1,00)=1) (4-15)
where P(.) is the joint probability of®(0) =1 and 0(¥) =1. Two types of particle
configurations contribute to the correlation funatiin Equation (4-13): the first ter® is for
the configuration where the particle positiohsandr, are located in the same sphere; while the

second ternPj is for the configuration thay andr, reside in different spheres. In the first part,

the sphere is assumed to be ititle sphere in the medium, the correlation functgon

N (4-16a)
P() = ) PRI <a i~ 7l < a
i=1

V(| <al|r;—7| <a) (4-16b)
|4

Ps(F) = N
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0 r>2a (4-16c¢)

Ps(7) = ng <4na3> [1 _§£+ i(g)g] 2a>r

3 4a 16

whereV (.) is the volume ofr;| < a, |r; — 7| < a, V is the whole volume of the scatterer, and

is the radius of the patrticle. In the second ph#,correlation function is

N N (4-17a)
Py(7) = Z z P(Irl < a,|f; — 7| < a)
i=1j=1,j#i
(4-17b)
P, (%) = N? ff dr,driP(7;, 7;)
|7il<a,|Fj—T|<a
(4-17c¢)

@ =ni | dndng(lni—7)

I7il<a,|Fj—T|<a
whereP(fi,r‘j) is the joint probability of particle 1 at and particle 2 af,, n, is the number
density, andg(.) is the pair distribution function [11] defined &7, ;) =M. The
correlation function of the QCA model can be obegdifrom Equation (4-16) and (4-17):

cr) = Ps(f) + PD(f)

41q’ 3r 1 ,7\3 o (4-18)
=no< 3 )[1_ZZ+E(E)]+”5 ﬂ dr,dfig (|7 — 7])

|7i|<a,|7j-F|<a

The integral in Equation (4-18) is six-fold, buinclae reduced to four-fold due to uniformity in

azimuthalp; and¢; directions:
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~ 4ma’ 3r 1 ,7\3
e =m( )1 -7+ 553 ]

a 1 a 1
+ (27m0)2f dririzf dyl-f dRsz dug(|r; = 7|)
0 -1 0 -1

(4-19a)

(4-19b)

|7 —7| = \/Rz + ZRM\/TiZ(l —uf) + (r —rip)? + [P (1 — pd) + (r — ripy)?]

where the argument in pair distribution functigq.) is expanded fronjfl- —r‘]-| in spherical

coordinates, withy; = cos 8; andu = cos . The brutal-force integration of the second additi
term is time-consuming, especially when the radiuithe sphere is large. Fourier transform is

developed to numerically compute the correlatiamcfion. Define
17, 7)) =1, || < a, || < a) (4-20)
Then the second part of correlation function in &an (4-18) is

P = [ ardi -7 - 5ol - 1] +
IFil<a|Fj-7|<a (4-21)

+n} jf drdrl (7' — 7,7 — 1))
I7il<a,|Fj—T|<a

Note that the first term in Equation (4-21) is tethto the total influence functioh(r) =

g(¥) — 1 [11] and the pair distribution functiqgy(7):

47-[a3>2 (4-22a)
3

Pp(7',7) = Py (7', 7) + nd (
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(4-22b)
Py (F',7) 2 n? drdrl (7' — 7,7 — ) k(7 77)
|I7il<a,|Fj—F|<a
The second term in Equation (4-22a) representsoffset of the correlation function. After

removing this term, the covariance function will bbetained. Equation (4-22b) has a spatial

convolution functional form. Define the spatial Fien transforms as

(4-23a)
RMﬂ=f@wmmﬂ%M)
(4-23b)
Mﬂ=fdmmﬂﬁﬂH@)
(4-23c)

I(r',7) = f dﬁf dp' exp(ip'.7' —ip.7)I(p',p)

Therefore the spatial convolution in Equation (4RBecomes spectral multiplication

Pac(P) = n§I(p, p)H(P) (2m)° (4-24)

Then according to Equation (4-23c)

1 (4-25a)
1, p) = e jl - 7' f| r_|<adf exp(—ip'. 7' + ip.7)
1 -
16',9) = 55 0" ) (4-250)
(4-25¢)

mm=f dF exp(ip.7)

|7l<a

Assuming isotropic medium, vectprreduces t@
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Pyc(p) = n§Q*(p)H(p) (4-26a)

2 4-26b
= j1(pa) ( )

4
Q) =

wherej;(.) is the first order spherical Bessel function, ahgb) is the Fourier transform of

h(r). After P,;.(p) is computed, the inverse Fourier transform is iappio computeP,. (7).

oo sin(ar) (4-27a)
Paci) = [ dpexp(ip.7) Pac(p) = | dpp*Pac) =
0
_ tooo sin(pr) (4-27b)
Pac() = (4m)*ndat [ dpjt(pa)
0
Finally the correlation function is obtained as
C() = ng (47 120+ (r)3]+ (4N, o 29
AR 2\a) T16\a) | T\ T3 act?

The analytical expressiorf$(p) of Percus-Yevick pair distribution functions cae found in
[11]. The correlation function can be extended toltRsize case. Assume the multiple grain
sizes are1y,a,, ...ay (0 <a; <a, <--<ay), andM is the number of particle species, then

Equation (4-16c) becomes

( 0 r > 2ay
PM(f) ZaM 2 r> ZaM_1
Ps(m) () = { Py (7) + Py—1(7) 2ay-1 271 > 2ay- (4-29a)
k131\4(f)+13,V,_1(f)+---+131(f) 2, =>21r>0
P (7) 2 Ama 3T 1(T)3 k=12, ..,M (4-29b)
kAT =T\ 73 4a, 16\q) " T e
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where the subscrigtm) stands for multi-sizel;"s(m)(f) represents the probability of two points

residing in the same particle. Then the probabdftywo points residing in different particles is

M M (4-30a)
AR@ =Y Y[ dndiga(i- 7))
k=11=1 Ifi|<ak,|fj—f|<al
m) M M ay 1 ap 1 (4'30b)
PR@ = @and @y | dr? [ du [ dRR® [ degiall7i — 7))
k=11=1 0 -1 0 -1
(4-30c)
|7 — 7| = \/Rz + ZRM\/TiZ(l —ud) + (r—rp)? 4+ A1 —pd) + (r — ripg)?]
Finally the correlation function of multi-size sphe is a sum as below
™ (7) = P™ () + P{™(7) (4-31)

Then each four-fold space integral in the doublen stan be computed using the Fourier

transform. First the offset of the correlation ftion is extracted out

Amwal\ (4ma}
PR 7Y = PR EL 7 + ey <—"> ( l )

3 3
(4-32)
Then the Fourier transform of the first term in Bgon (4-32) is
P (D) = me @ (p)Qu(p) Hia (p) (4-33a)
4mai (4-33b)

Qr(p) = Jji(pay)
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4ma?

Q) = j1(pay)

After inverse Fourier transform, the covariancection is

+ 5ol Sin(pr)
Pdc

PR = [ dpexp(ip. ) P ) = an | dpp?R () ZE P

0

Finally the correlation function for multi-size sgles is obtained as

M M
Attal\ [(4mad
c<m>(f>=Pé’”(ﬂ+ZZ[P£Z‘)""l(f)+nknl( 3")< 3’>]
=

k=11

4.3.1 QCA single-size and QCA sticky model

Normalized Functions

Covariance: Fourier transform
O covariance: Direct integration

0.8 .. Correlation: Fourier transform |
/\ Correlation: Direct integration
@ . 6 i “".__ ]
C(r) A

0.4 \ A A IAOAAANDANDDALDAN

0.2

(4-33¢)

(4-34)

(4-35)
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Figure 4-5 Normalized covariance and correlatiarcfions using direct integration approach

and Fourier transform approach.
Fraction volume = 40%; diameter = 2.0 mm; sticksnparameter = 1.0.

In Figure 4-5 the covariance and correlation fuorddi of sticky particle computed using the
direct space integral approach [59] and the Four@nsform approach are compared. The
fractional volume is 40%, the diameter is 2.0 mmg #éhe stickiness is 1.0. The functions are
plotted up to 4 times the diameter. The agreemetiteotwo approaches validates the Fourier
transform approach. However, to compute the comeegcorrelation) function values of 1000
spatial points, the direct space integral apprdakbs longer than 1 hour CPU time, while the

Fourier transform approach gives numerical reswitis much less CPU.

Percus-Yevick Pair Distribution Function
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Normalized Covariance Function
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Figure 4-6 Percus-Yevick pair distribution functosind normalized covariance functions of

non-sticky and sticky particle models.
Fraction volume = 30%; diameter = 2.0 mm.
(a) Pair distribution function (b) covariance fuoat

Figure 4-6 illustrates the pair distribution furoets and the covariance functions of non-sticky
and sticky particles with different stickiness. Tdiameter of particles is 2.0 mm and the
fractional volume is 30%. In Figure 4-6(a), thed®srYevick pair distribution functions are
plotted up to 4 times the diameter where they rehelsteady value 1.0. At distances smaller
than the diameter, the pair distribution functians zero, which indicates that the particles are

non-penetrable. As shown in Figure 4-6(b), theadation function of sticky particle becomes

closer to that of the non-sticky particle modethaes parameter increases. The oscillation

pattern observed in the correlation function isause of the geometric structure being based on
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impenetrable spheres. Whenlecreases to 0.1, the oscillation pattern is lgngeluced (the

solid line), since smaller leads to stronger aggregation effect, and thu® theists effectively

large grains in the medium.

4.3.2 QCA multi-size model

Normalized Covariance Function
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Figure 4-7 Covariance functions of three typesiz# dlistribution: Gamma, log-normal, inverse-

Gamma.

Figure 4-7 illustrates the corresponding covariafwections for the respective three size
distributions: Gamma distributiop;(d), log-normal distributiorp,(d), and inverse-Gamma
distribution p;(d). Twenty equal-spaced grain sizes, from 0.1 mm .tb mMim, are used to
approximate the continuous size distribution. Tlag plistribution functions for multiple-size

non-sticky particles can be found in [11]. The etation functions are then computed from the
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corresponding pair distribution functions. The mdameterd) is fixed at 1.0 mm for all three

size distributions. The parameters gfe= 1.5, for Gamma distributiony = 0.5 for log-normal
distribution; ands = 6.0 for inverse-Gamma distribution. These size distidn parameters are
adjusted so that the three covariance functionacate at small distances (< 1.0 mm). The
values of covariance functions are plotted t&.10is noticeable that the Gamma distribution has
a lower tail than the other two types, and the isgegGamma distribution has the highest tail.
Thus the inverse-Gamma size distribution would begoad model to characterize large

aggregation in snow.

4.4 COMPARISON OF COVARIANCE FUNCTIONSWITH BICONTINUOUS MODEL
4.4.1 Bicontinuous correlation function

The correlation function of bicontinuous model igey by [13] [34].

ron (4-36)
) =2+ ) Cn@IGOI™
m=1

exp(-2a?)HZ_1(a)
mm!2™m

where C,,(a) = and H,,_,(.) is them —1 order Hermite polynomial. In

Equation (4-36)(s(r) is the correlation function ¢f(r)

+

sin({r) (4-37)
(r

Cs(r) = f dip(0)
0

The analytical expression ofs(r) for Gamma distribution was in [13]. For a general
distribution, Cs(r) can be obtained by numerical integration. The Ganmuistribution of
wavenumber was considered in [13] [49], wh&feis the mean wavenumber ahds the shape

parameter. The mean wavenumkbgr is inversely proportional to the mean grain semeg the
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parameteb is related to the clustering effect; laslecreases there will be more effectively large

ice grain aggregates in the medium. Log-normal amnerse-Gamma distributions for the

wavenumber are also considered.pl({), p.({), andp;({), there are two parameters. One

parameter is related to the mean grain size, wihdether is related to the size distribution.

Bicontinuous Covariance Function
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Figure 4-8 Normalized covariance functions of biowmous model, using three types of

wavenumber distribution.

In Figure 4-8 the correlation functions for the dmtnuous models with three types of
distribution functions are shown. The fractionallwoe is 30%. The model parameters are
adjusted such that the three distribution functicoiscide at small distance () = 6000 m™?!
and b = 1.0 for the Gamma distribution{() = 6000 m~! and ¢ = 0.2 for the log-normal

distribution; and¢) = 3800 m~! andb = 0.1 for the inverse-Gamma distribution. It is seert tha
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that the Gamma distribution has a higher tail, Wwhig contributed by smalf in p;({), or

equivalently the large aggregation in the mediutme Tog-normal distribution has the smallest
tail, because the wavenumber distribution is reddyi narrow. The correlation length is defined
as the value of where the correlation functiaf(r) is equal tee~1. As shown in Figure 4-8, the
three curves interseet= 0.3 mm which is approximately the correlation length aédium. The
correlation length is insufficient to describe ttemaxdom medium as the tail of the correlation

function contributes significantly to scatteringchase scattering increases with grain sizes.

It is worth noting that the wavenumber distribusatefined in Equation (4-10) are the inverse to
the size distributions defined in Equation (4-5pr Fexample, Gamma and inverse-Gamma
distributions are inverses to each other, and lagral distribution is the inverse of itself. Thus
the covariance functions of inverse-Gamma sizeridigion and Gamma wavenumber

distribution both give high tails. Both can be usedescribe ice grain aggregation in snow.

4.4.2 Comparison among QCA multi-size, QCA sticky, and bicontinuous models
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Figure 4-9 Covariance functions of QCA multi-sigeCA sticky, and bicontinuous models

In Figure 4-9, the QCA multi-size, QCA sticky, aiitontinuous covariance functions are
compared with exponential covariance function. Thections are plotted in log-scale, so

exponential function is a straight line. The partreare: QCA multi-sizeld) = 1.0 mm, =

7.0; QCA stickyd = 1.0 mm, t = 0.1; bicontinuous{¢) = 4000 m'%, b = 1.0; fraction volume

= 30%. It is shown that all functions have abowa siame correlation length, as they coincide at
distances smaller than 1.0 mm. However, exponefutngition decays linearly in log-scale. Other

three covariance functions have tails at distatargger than 2.0 mm, which indicates large grain
aggregation in the medium. Particularly, the msiltie covariance function matches to

bicontinuous model asymptotically in the tail.

4.5 PARAMETER EXTRACTION FROM GROUND MEASUREMENT
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In the present ground measurements, there are ltysigal quantities: measured grain size, and

the correlation length. Relations have been estabii empirically between grain size and
correlation length [21] [26]. These have been usecbmpute scattering for the MEMLS model
and the HUT model. However, to use the QCA sticlodel, the QCA multiple-size model, and
the bicontinuous model, more parameters are nedddtis section, it will be described how

measurements can be used to determine input paenfiet these three models.

QCA multi-size spheres model parameter is a greme distribution. Therefore the measured
multiple grain sizes can be empirically fit withseze distribution. Then the Percus-Yevick pair

distribution functions are used for computatiortia QCA multi-size model.

In QCA sticky model, there are two model paramet@san grain size and stickiness parameter.
The mean grain size can be measured. The otherlpademeter is the stickiness parameter,
which can be extracted from the covariance functi@ne can use the digitized picture of snow
to extract the covariance function accurately #©10By comparing the measured covariance
function with that of covariance function of sticlparticle, the stickiness parameter can be

extracted.

When extracting the correlation function from omegke digitized snow picture, the spatially
stationary property of the snow medium is assumddch means the two point correlation

function is determined by the difference betweenttio points
C(fpfz) = C(ﬂ —1) = C(r) (4-38)

Then the correlation function extracted from oneveimage is
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CH= Y 80w +7) (4-39)

7/ in the image
where®(.) is the indicator function.

The bicontinuous model has two parameters, the mearenumber{) and the facton that
determines the aggregation and size distributi@se on the above discussions, it is proposed
to extract the bicontinuous model parameters frgouigd measurements using the following

two approaches:

(1) Measurements of multiple grain sizes: Fromrtteasured multiple grain sizes, they are first
fit into a grain size distributions, and then therdis-Yevick pair distributions functions can be
computed. Using the pair distribution functionse tbovariance (correlation) function can be
computed. By comparing the covariance (correlatifiumction with that of the bicontinuous

model, the bicontinuous model parameters can baagt.

(2) Digitized picture of snow microstructure: Usidggitized pictures of snow, the covariance
(correlation) functions of natural snow can be catefd. This is required to be computed with
high accuracy such as up to 0.01 so that the tdaliecovariance (correlation) function can be
ascertained. By comparing the computed covariacoerglation) function with that of the

bicontinuous model, the two bicontinuous parametarsbe determined.
4.6 CONCLUSION

In this chapter, the scattering properties of QCAtsize model, the QCA sticky particle model
and bicontinuous model are compared. Co-polarizgtitase matrices of all three models show
moderate forward scattering effect, with mean eo&ietween 0.1 and 0.4. All three models give

a frequency dependence weaker than 4.0. Then mednaracterization is also studied. For
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QCA, the covariance function is derived from thadas-Yevick pair distribution functions,

which is used for both multi-size and single-sideky cases. The covariance functions are also
derived for bicontinuous model. The covariance fiamcis compared with those of the QCA
multi-size and QCA sticky models. It is shown tlait models have tails in the covariance
functions that are distinctly different from thepexential function. The tails contribute strongly

to scattering. Measurements equired to determiaenthdel parameters are also discussed. In

particular, measurements of grain size distributgod measurements of covariance function

with accuracy up to 0.01 are proposed.
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APPENDIX

Consider two pointg, andr,, then the correlation function is the probabittat both points are

inside ice particles
C(ry,T1) = E(0(F,)0()) (Ala)

C(ry,,T)=1x1xP0O(T,)=10F)=1)+1x0xP0O(,) =1,0(;)=0)+0 (Alb)
x 1x P(O(7,) = 0,0(F,) = 1) + 0 x 0 x P(8(F,) = 0,0(F,) = 0)
C(ry,r) =P(O0,) =1,00) =1) (Alc)

There are two possibilities: (1) the probabilitathoothr; andr, are in the same partickg; (2)

7, andr, are in different particleB,. Then
C(ry,T1) =Ps(0(r,) =1,0(r) =1) + Pr(0(r,) =1,0(r1) = 1) (A2)
Because of spherical symmetry
C(ryr) =C(r, —71]) (A3)

Letr = |r, —r;|. Without loss of generality, the point is set at the origin and the pomt is
set at the positive z axis. Le; =+ = (0,0,7) = (0,0,z). In random medium, let there e
particles in a box of volumE&. Leti be thei-th particle,i = 1,2, ..., N. p(#;) is the probability

density function of particle to be centered;athen

1
p(;) = v (A9)

Note thatN > 1, thenn, = % is the number of particles per unit volume.
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Az axis

VOVERLAP

Figure Al. Particle positiond andr are located in the same sphere
Then

N (A5)

whereP; is the probability that both points are insideticée i. Since the particles are identical

P = NP (A6)
Therefore
P;=P(ril <al|ri—7|<a) (A7a)
P=| (7 dF, (ATb)
|7il<a,|ri-T|<a
1 (A7¢)

p, == dr
L V l
Fl<a,|F—Fl<a
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Voverlap (A?d)

P, =
Ty

where

_ A8
Voverlap = f dr (A8)
|7il<a|ri-T|<a

Voveriap 1S the overlap volume of a sphere centered atotigin and a sphere centeredrat

Therefore

V, A9
vl = Ny Voverlap (A9)

Ps=NP, =N

According to Figure AlV,,er1qp is the sum of two identical spherical caps ABC ARD, so it

can be obtained by using the formula of the sphedapV,,,,

mh? (Al10a)
Veap = 3 (Ba—-h)

where h is the height of the spherical cap, amdis the radius. From Figure Al, for two
intersecting spheres of identical radiiand separation distaneebetween the two centers, the

height is

(A10b)

Sovoverlap IS twice ofVmp

mh? (A1l1)
Voverlap =2 T (3a—h)

Then it can be simplified to
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0 r>2a (Al2a)
— 3 3 1 3
Voverlap_ (477::;1)[1_114_%(1)] 0<r<a
a a
0 r>2a (Al2b)
3 3
Ps = ira [ _Ef iﬁ ] <r<
no( 3 >1 4a+16(a) 0<r<za

To calculateP,, pair distribution functiong(7; — 7;) will be used. Letp(7;,7;) be the joint

probability density function of particiecentered af; and particlg centered af;

p(7i ;) = p(517)p(7) = p(r'jlr‘l-)% (A13a)
wherep(7;|7;) is the conditional probability density functionetL
p(HI7) = 97— 7) 5 (A130)
Then
p(7.7) = w (A13c)

Let P, be the joint probability of inside particle andr inside particlg, i # j. This means
ri—0l<al|r—-7|<a (Al4a)

P (0 inside particle i, 7 inside particle j) = jf d?idFjp(Fi, Fj) (A14D)

|?i—0|<a,|7j—7|<a

The probabilityP,, is the sum over all particieandj
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NN (A15)
Py(7) = Z Z P(0 inside particle i, 7 inside particle j)
i=1 j=1,j#i

Without loss of generality, lét = (0,0,r) = (0,0, z), which is shown in Figure A2.

Z axis
AZ axis
o
X axis
/C = p X aXiS
S
/ei Xi, 0, .
8 ( 2) » X axis
S

Figure A2. Particle position andr are located in different sphergsands;

Therefore
) N N (Al6a)
i=1 j=1,j#i |Fi—0|<a,|7j—?|<a
i NN — 1) L (Al6b)
Py(1) = —Vz ff dridrjg(rl-,‘rj)

|Fi—0|<a,|7j—7|<a
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(Al6c)

Py (7) = ng j f drydr;g(7;, 7;)

|Fi—0|<a,|7j—7|<a

From Equation (Al16b) to (Al16¢c)N > 1 is used. The above integral is six-fold over
dr;d6;d¢;dr;d0;d¢; for eachr. The six-fold integration can be reduced to faldf and

computed using Brute force integration.

The integration is done over two spheigsis the sphere of radius about the origin, an8; is

the sphere of radius about(0,0,z) = (0,0,r). The integrand is independentdf

j dFl j dF]g(Fl,F]) =2n I:j dririzdei sin 91' f dF]g(Fl,F]) ] (A17)
$i=0
Let
x; = 71;5in6; (A18)
Vi = 0
zZi = T1;C0580;

Figure A2 shows the two spherical particiesands;. A straight line is drawn joining0,0, z) to

r; = (r;sin6;,0,7; cos 6;)

—1;5in0; X + (z—1;cos 0;)Z (A19)

7=

\/riz sin? 6; + (z — r; cos 6; )2

The angle betweefi andz is shown in Figure A2
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(z —1;cos 6;)

CoOs a =

2¢in2 0. — 7 )2
\/7"1 sin?0; + (z — r;cos 6;) (A20)

r;sin 0;

sina =

\/riz sin? 6; + (z — r; cos 0,)?

Let the Z coordinate to be defined as along the axis w0, z) as the originiX,Y,Z =

corrdinates of 7; with respect tq0,0, z). In spherical coordinates

= Rsin® cos® (A21)
R sin @ sin @
= Rcos®

X
Y
Z

In the integratiorfIF ri<a dr;g(7,,7;), the ranges of variables are
-

0 < R<a (A22)
0 < 0O<m
0 < &<2m

Let x;, y;, z; = corrdinates of 7; with respect t¢0,0,0), which is shown in Figure A3.

Z axis
Z axis
A
(04
X axis
=z p X axis

Figure A3. Coordinate rotation

Using the coordinate rotation
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Xj = Xcosa—Zsina (A23)

zi—z = Xsina + Zcosa
yi = Y

The pair distribution functiorg(;,7;) depends onr;, —#;, which can be expressed in the

Cartesian coordinate

Xj—x; = Rsin® cos®cosa — Rcos O sina —r; sin 6; (A24)
Vi—Yyi = Rsin @ sin ®
zi—2z; = Rsin®cos®sina+ RcosOcosa+ z—r;cosb;

]
Then the magnitudg; — 7;| is calculated as

(z—r17c0s6;)*
2 sin? 6; + (z — 1, cos 6;)?

(x; — x;)* = R*sin® Ocos® ®

2Rsin® cos @(z — r; cos 6; r-sin@-[ Rcos©
_ ( l l) L L (A25a)

\/riz sin? 6; + (z — r; cos 6,)? L/rl-z sin? 6; + (z — r; cos 6,)?

2

[ R cos 6

L/riz sin? 6; + (z — r; cos 6;)?

+ 1| + r?sin? 6;

.
|

(y; — ¥1)? = R?sin* @sin® & (A25b)
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2 i
i sin® 6;
. 1 1
(zj — z;)* = R*sin* Ocos* ®

2 sin? 0; + (z — 1; cos 0;)?

2 Rsin O cos @r; sin0;(z — r; cos 6;) [ (Rcos 9)

(A25c)
\/riz sin? 6; + (z — r; cos 6,)? L/riz sin? 6; + (z — r; cos 6,)?

2
[ ]
(Rcos 0)
+ 1| + (z — ricos 6,)? +1
\/riz sin2 6; + (z — r; cos 0,)?

Adding all three terms together, the cross terniscancel. Then

(z —z)* + (vj —y)* + (xj — x;)?

2 2 2
_ R2in? Ocos> qbri sin“ 0; + (z — r; cos 6;)

r2sin? 6; + (z — r; cos 6;)?

2
[ Rcos © ]

+1
L/riz sin? 6; + (z — r; cos 6,)? J

(A26a)

+ R?%sin? Osin® @

+ r?sin? 6;

2

+ (z — ricos 6,)? { Reos© + 1}

\/rl-z sin? 6; + (z — r; cos 6;)?
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(zj—z)* + (v —y)* + () — x;)?

2

Rcos 0 ]

= R?sin? O + rfsin? 6, +1
\/riz sin? 6; + (z — r; cos 6,)? (A26b)
2
]
Rcos 6
+ (z —ricos 6))? +1
\/riz sin2 0; + (z — r; cos 0,)?

Therefore the magnituqe} — fl-| is independent o as expected. The above expression can be

further simplified

(zj—z)* + (j —y)* + (x5 — x;)?

= R?sin% 0

|' 2
Rcos © ]

+ [r? sin? 6; + (z — 13 cos 6;)?] +1
L/rl-z sin? 0; + (z — r; cos 0,)? J (A27a)

= R?sin% 0
| 2 .02

+ [r# sin? 0; + (z — 1; cos 6,)?] R”cos” 6

! ' ' Y 12 sin? 6; + (z — 1 cos 6;)2
Rcos ©
+2 ( ) +1

\/rl-z sin? 6; + (z — r; cos 6,)?
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(zj—z)* + (j —yi)* + (%) — x;)?

_R240 Rcos O[rfsin? 8; + (z — rcos 6;)?] (A27D)

\/rl-zsinz 0; + (z — rycos 6,)?
+ [r# sin? 6; + (z — 13 cos 6;)?]

7 =7

(A27c)
= |R? 4+ 2R cos @\/rizsinz 0; + (z — ricos 6;)% + [r? sin? 0; + (z — 1; cos 6;)?]

Then thed® integration give2m, therefore only a four-fold integration over;d6;dRdO is

needed instead of the original six-fold integratibet u; = cos 6;,u = cos ©, then

Pp(7) = Ppy(r) = (Znno)zf dririzf duif dRsz du
0 -1 0

-1

g \/Rz + ZRH\/TiZ(l —puA) + (r—rp)? + [P - pd) + r —rp)?]

The integral in Equation (A28) can be computed gisiaurier transform. Define

VT = {1 if both [F| < a, || < a (A29)
0 otherwise
Then
PD (F’; r)= n(z) fj dFl dF]g(Fl, Fj) (A30a)
|Fi-7'|<a Fj-7l<a
(A30b)

Py(7,7) = n3 f f dridrV(r —7,7 —7,)g(7., 7))
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Without loss of generality;’ = 0 is assumed. TheRy, (7, 7) is

Py(,7) = nZ ff drdrV (7 7,7 = 7)[9(Fu7;) — 1]

(A31a)
+nd f f dridrV(r' — 7,7 — 7))
Substituting in the definition df (', 7)
, amad\? (A31b)
7 -7|<a [F—7jl<a 3
Therefore
Pp(7,7) = Py (7,7) + f2 (A31c)
—r — — — = — —  — — — A31d
Py (7, 7) = n3 ff dridrV(r —r,7—71)[9(r,7;) — 1] ( )
Pu(7,7) = 2 f f A7 7V (F =7, 7 — 7))h(F ) (A3le)
wheref = n, 4”3‘13 is the fraction volume. Note that in statisticahtogeneous medium
Py(7,7) = Pae(F —7) (A32a)

It is clearly seen that Equation (A31e) is in splatonvolution functional form. Then 3D Fourier

transforms are defined as follow

he) = f d5H@)exp(ip - 7) (A332)

Let
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_ — R — A33b
Pac(®) = | dpexp(F - DPac®) (A330)
_ 1 — — = — A33c
Py (p) = ans f drexp(—ip - T)Pac (1) (A33c)
—] = f— — — — p— - —] — A33d
V(r ,r) = jdpjdp exp(lp T = lp-r)V(p ,p) ( )
Then Equation (A31le) becomes
| dpexo (- (7 - 7)) Puc®
(A34a)
F=7))VFP) [ a5, 1, exo (7, - (7 ~7)
| dpexs (- (7 = 7)) Pec®
(A34b)
= nj f f drdr; f dp f dp'exp(ip’ -7 —ip - Flexp (B - (7)) — ip
())VE.F) [ a5, H(,)exo (5, - (i~ 7))
After switching the integration order, the integoakrdr;dr; will give § function
(A35)

f f drdriexp(—ip -7+ 5 - 7))exp (17, - (Fi = 77) ) = 2m)°6(5 - p,)8(5 — ,)

Therefore Equation (A34b) becomes
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| dpexs (- (7 - 7)) Puc®

(A36a)
= nj f dp f dp'exp(ip -7 —ip
' F)V(F'ﬁ) f dﬁ1H(51)(2”)65(5, - 51)5(5 - 51)
| dpexo (- (7 = 7)) Pac )
(A36b)
=" f dﬁlH(ﬁJ(Zﬂ)ev(ﬁy51)eXp(i51 T = ip, 'F)
| dpexs (- (7 = 7)) Pac® =6 [ dBHBDEOV G Pexp (-7 -5 @) A3
Pac (@) = n§V(p, p)H (p)(2m)° (A36d)
whereV (p,p) can be obtained from the Fourier transform
(A37)

/] — 1 p— f— p— p— (R —
V(ﬁ,p = 6_[ dr j drexp(—ip T +ip-r)
(2m) [F'|<a [7l<a

The integral in Equation (A37) can be decomposem itwo integral overdr and d7

respectively.

1

V@' P) = s 0P)Q @) (A58

where

Qp) = f drexp(ip - 7) (A38b)

[rl<a

Letu = cos @
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a 1 2m (¢ (A38c)
Q) = an drrzf duexp(ipru) = Ef drr|exp(ipr) — exp(—ipr)]
0 -1 0
ThenQ(p) is
4ma® (A39a)
Q) = J1(pa)
wherej; (.) is the first order spherical Bessel function.
. (pa) = sin(pa) cos(pa) (A39b)
Jilpa) = pzaz pa
Then according Equation (A36d) and (A38a)
_ 1 (A40a)
— 2
Pac(p) = n§V (0, 0)H(0) (2m)° = n§Q*(p)H(p) (A40D)

The calculation ofi (p) for single size, sticky and multi-size are desadilin [11]. By assuming

spherical symmetry, it is readily shown tiRgt () can be reduced to 1D integral

Pdc(r) = 4n _]-+oo dppZPdc(p) Sin(pr) (A41a)

0

_ too sin(pr) (A41b)
Paci) = (Pt | dpjEpa) =
0

In summary, the complete expression of correldiimation is

C(7) = Ps(F) + Pp(7) = Ps(7) + Py (7) + f (Ad2a)
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0 r>2a (A42b)
pP. = 4mad 3r 1 ,1\3
S n0< 3 >[1_ZE+E(5)] 0<r<2Za
Puc®) = ryniat [ dpjiton) L hip) (429
B C(p) (Ad2d)
1) =1 e
sin(pa) B cos(pa) (Ad2e)

ji(pa) = (pa)? a

The Equations (A42a) — (A42e) are consistent with éxpressions in [58]. The two point

correlation functiors, (r) is

S;(r) =1 = pVo(r) + p*M(r) (A43a)
CAOENES (ra2b

3 1+ 4r 16 r<?2

ney={3\ 4

k ? r>2

_ e ék)y . 167> (A43c)
M(r) = anrfo =020 m2(k)k sin(kr) + 5
. A4msink cosk (A43d)
m(k) _7( K2k )

In [58], unit radius is assumed, so= 1. Besides, the symbols correspondence maten,,

p =k, andé(k) = (2m)3C (k) = (2m)3C(p). Therefore whem < 2
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5,0 = (1-ny ST 2 270 4 AT (123, 0 (A
A e I B AT
oo C(p) sinp  cosp\° sin(pr)
+ (4 3n2f d ( - )
(4m)"mo o PT-n,@mic(m\ p? p pr
4 2 Ar 3 1, (A44b)
c®=(ng) +rg(-5regr)
te©  ssinp  cosp\®sin(pr) C(p)
+ (4 3n2f d ( - )
(4m)°ng . p p? p pr 1—ny(2m)3C(p)
Whenr > 2
S,(r)=(1-—ny— +n? ( :
3 9
+oo C(p) sinp cosp\?sin(pr)
+ (4 3n2f d ( - )
(4m)"mo o PT-n,@micm\ p? p pr
42 +oo sin cos p\? sin(pr C (A45b)
3 0 p p pr 1—ny(2m)3C(p)

It is observed thag, () andC (¥) only differ in the constant value. It is also ribtbat the steady

values of the two correlation functions are

81 1672 4m\? (A46a)
Sy(0) =1 —n0?+n% 9 = (1 _nO?) = (1—fv)2

c(e) = (ng %")2 _ 2 (A46b)

This difference is due to the different definitiasfshe indicator functions. In [58]

Sy (71, 72) = P(05(1) = 1,0,() = 1) (A47a)
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0,(F) = {1 7 in air background (A47Db)
A7) =00 Finice particle
However in this thesis
C(ry, 1) = P(Op(1y) = 1,05(7,) = 1) (A48a)
0,(7) = {1 7 in ice particle (A48D)
B\ =10 7 in air background



