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ABSTRACT OF DISSERTATION

EVALUATION AND APPLICATION OF POLARIMETRIC RADAR DATA
FOR THE MEASUREMENT OF RAINFALL

The measurement of rainfall using weather radar technologies is an important
application in our daily life. Rainfall measurement is important in hydrology and
flash flood prediction. Physically-based methods rely fundamentally on the precip-
itation model, namely, models for the drop size distribution (dsd), drop shape, and
drop orientation (or, canting). Traditionally, surface disdrometer, aircraft imag-
ing probes and profilers (a vertical pointing Doppler radar usually operating in
the VHF or UHF bands) are used in studying the dsd variability. However, these
instruments have limited spatial and temporal resolution. On the other hand,
scanning radar can offer measurements with high spatial and temporal resolution.
Dual-polarization radar technologies which use the back scatter and forward scat-
ter based measurements at two polarization states (horizontal and vertical) have
progressed dramatically in recent decades. However, the accuracy of the precipi-
tation model has not been systematically addressed; this thesis seeks to more fully
address the basic model assumptions and the related issue of accuracy.

In the first part of this thesis, we propose an areal rainfall algorithm which
uses differential propagation phase shift (®4,). In this algorithm, we assume that
the R-K, relationship is "locally’ linear in a small Ky, interval. We show that

the random noise and measurement fluctuations can be reduced significantly by

1ii
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averaging rainfall over an area. Since Ky, is a function of the mean axis ratio of
drops, we apply a 78 correction” as proposed by Gorgucci et al. (1999, 2000)[16,
17]. The 8 is the slope of equivalent spherical diameter of drop versus the mean
axis ratio which can change due to drop oscillations and canting in different rainfall
types. By comparing the estimated areal rainfall rate with areal gage rainfall
rate, we show that the ” 3 correction” method can significantly reduce the bias in
accumulation over an area.

Since the 3 is associated with mean axis ratio, and axis ratio is a function
of equivalent spherical diameter of drops, it implies that the # should include in-
formation about drop size. In the following chapter, we use # along with 7, and
Zgr to retrieve dsd parameters of a normalized gamma model following Bringi
et al. (2002)[11). After retrieving the gamma dsd parameters, we propose a
polarimetrically-based Z-R algorithm of the form Z = aR'®, where the coeffi-
clent can be continuously adjusted. We compare radar retrieved dsd data with
profiler dsd data, and the pol-based Z-R relation with gage rain rate from two
long duration rain events from Brazil and Florida.

In chapter 4, we study the drop orientation (or, canting angle) distribution.
We first examine the effects of drop oscillation on drop orientation, and then
study the relation between the drop orientation distribution and the canting angle
distribution. Since polarimetric radar observations are based on the polarization
plane, we need to convert drop orientation angles to canting angles. Based on the
natural behavior of drop orientation (i.e., azimuthal symmetry), the canting angle
should have zero mean. So we only estimate the standard deviation of canting
angle (o) from the polarimetric data. We study two existing o5 estimators; the
first one based on the ratio of maximum and minimum of cross-power, namely,
ps method and the second proposed by Ryzhkov (2001) which use LDR and Z,,

data. A new algorithm is also proposed which we call the ”simplified p; method”.

iv

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



In addition, we propose another algorithm to estimate og using the asymmetric
ratio (A,y). The asymmetric ratio is defined as the ratio of two eigen values of the
Graves power matrix. We test the stability of these four algorithms and also show
that these algorithms are not sensitive to the dsd and canting angle distributions.
In the end, we apply the Ryzhkov method and the simplified p, algorithm to three
rain events. The results for og appear to be reasonable, and even though the two
algorithms do not agree with each other for low Z, values, we are able to explain
the differences.

Gwo-Jong Huang

Department of Electrical and Computer Engineering
Colorado State University

Fort Collins, Colorado 80523

Summer, 2003
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Chapter 1

INTRODUCTION

1.1 A Brief Review

Radar is a electromagnetic device to detect the properties of a target such
as position, velocity, size and orientation. The basic electromagnetic theories and
concepts were developed in the late 19th century. Although scientists realized
the possibility of radar, the accomplishment of radar was limited by electrical
technology. The first radar was built on 11 December 1924 by E. V. Appleton
(1926)[2]. Radar technology developed very fast during and after World War II.
Today, radar is used in many areas. One application we are interested in this thesis
is weather observation.

Radar applied to weather observation started in the late 1940’s. Atlas and
his colleagues (1951)[3] proposed the relation between backscatter and microphys-
ical properties of precipitation particles. In the 1970’s dual-polarization radar
theories were developed by McCormick and Hendry (circular polarization radar;
McCormick and Hendry, 1972, 1976, 1979)[37, 21, 36], and Seliga and Bringi (lin-
ear polarization; 1976, 1978)[47, 48]. At the same time, Pruppacher et al. (1970,
1971) [40, 41] and Green (1975)[19] showed that the axis ratio of raindrops are a
functional of drop size. Combining dual-polarization radar theories and drop size
studies, dual-polarization radar becomes a powerful weather observation tool.

Basically, there are two types of dual-polarization radar, namely, circular-

polarization and linear-polarization radar. Circular-polarization radar can separate
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shape effects from canting angle effects by measuring the circular depolarization
ratio (C DR) and the degree of preferred orientation (ORTT) (Hendry and Antar,
1987)[20]. These parameters offer a basis for hydrometeor identification. However,
propagation effects in circular polarization are significant and must be corrected.
On the other hand, linear polarization radar is less affected by propagation effects.
Especially, propagation attenuation at S-band is typically quite small. Since linear
horizontal polarization radar gives maximum return power in rain, it is used in the

majority of weather radar systems.
1.1.1 Polarization Ellipse

An incident plane wave with real amplitude F,, propagating in the k; direction

can be expressed in a linear basis as,

Ei(F) = E,é exp(—jk-7) (1-1a)
= (Ejhi + E}d;) exp(—jk - 7) (1-1b)
where k = kok;, ki = © x h; and & is a complex unit vector to express the

polarization state of the plane wave. The electric field at origin (7= O) is,

EN(O) = E,6; = |Ei|e/h; + |E}|e™®;

= &% [|E}lhi + | Ei]e”;] (1-2)

Because F, is the real amplitude of E}, the unit polarization vector, é;, can be

written as,

é; = el [cos ¢h; + sin eej‘sf}i] (1-3)
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where ¢ = cos™!(|E}|/E,) and polarization ratio (x;) is,

i .
= E—Z = tan ee’? (1-4)

Xi
From these equations, we can get the other orthogonal basis (circular basis) easily.
In time-domain (add time phaser exp(jwt)) and e = 45° , the trace of E-field in
(hi,0;) plane is a circle; the trace will rotate clockwise (right-hand sense) when

§ = 90° and counter-clockwise (left-hand sense) when § = —90°. So the complex

basis of circular polarization is related to linear basis as,

[jﬁﬂz—é[} J—JHh] (1-5)

where the subscripts R and L denote the right-hand and left-hand circular states.

The E-fields in time-domain can be expressed in circular basis as,
EHO,t) = |Egle’®”eit + |Ey e vt (1-6)
where 0 and 6, are the initial phases for two circular components. By applying

(1-5), the E-field becomes to,

|Er| + | B |ERr| — |EL]
R B

where iL; is the direction when Eg and Ej are in-phase, and f); is the direction

(0, 1) = ell0nsou)yaon [izx )+ g

when they are out-phase. The real part of E’(t) is,

_ oo [ |Brl + B |Er| — |Ey

Eit)=h, (T) cos(wt + ﬂ)} +1; [(T) cos(wt + B + g)} (1-8)

where = (0 +6L)/2.

Fig. 1.1a shows the traces of Er and Ep. The initial phase of Exr (fg) is
counted clockwise (counter-clockwise) from horizontal (h; direction) if 8, is positive
(negative), and 6y, is counted oppositely as . Since E and Ef, rotate oppositely,

Ei(t) would have minimum value (|Eg| — |Ey|, assuming |Eg| > |EL|) when two
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minor axis of ellipse

(9)

TIRLE

)

Figure 1.1: (a) The right-hand and left-hand circular components for a plane
wave propagating along k; = 9; x h;. (b) Elliptical polarization by combining two
components in (a).
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components are out-phase (at @, direction), and have maximum value (|Eg|+|EL])
when they are in-phase (at f, direction). The trace of E#(t), thus, is a ellipse known
as ”polarization ellipse” (see Fig. 1.1b). From (1-8) and Fig. 1.1, we can define

two important angles, ellipticity angle (7) and tilt (or orientation) angle (6;), as

_1,|Er| — |EL|
r = tan M(imo——2 1-9a
(B 15 (1-9)
0, = HR;HL (1-9b)

The polarization ratio (x;, see (1-4)) in terms of 7 and 6, are,

tang, + jtant

- i 1-10
X 1—jtanf,tant ( )
cos(27) sin(26;) + j sin(27)

1 + cos(27) cos(26;)

(1-10Db)

1.1.2 Scattering Matrix, Covariance Matrix and Basis Transformation

When the incident plane wave described in (1-1a) illuminates a target, part of
energy is scattered and part is absorbed by the target. The scattered E-field can

be expressed in (ﬁs,ﬁs) basis as,
E* = Elh, + E’0, (1-11)

where the scattered wave propagates in the lAcs direction and lAcs = g X izs. The

relation between incident wave and scattered wave is (Jones 1941)[29],
E’Sl — ejkor Shh Sh'u E}L (1_12)
E; r Seh S FSA E;

The 2x2 matrix which can also be written as Spg4 is known as scattering matrix.

The subscript, F'SA, is for "forward scatter alignment”. In radar application, we
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are interested in the wave scattered back toward to the radar. The "reflected” E-
field, thus, propagates in the ”opposite” direction of forward scatter (lAcr = —k, =

Uy X ET) The 9, is defined the same as ¥, and izr = izs. Therefore, the E* is,

E]l _[-10]]E;
EL|l = (o 1]|]|Es
etk 10 Shh Sho E}
T [0 1] [Svh Sw || B} (1-13)

The scattering matrix in ”back scatter alignment” convention is,

-1 0
Spsa = [ 0 1 ] Srsa (1-14)

The back scatter matrix for monostatic radar satisfies the reciprocity theorem
which means the cross-polar scattering components are equal (Sp, = Syi,). So there
are three independent components in the Sgg4 to describe the scattering feature

of the target. The feature vector can be defined as (Tragl 1990)[53],
QT = [ Sh,h \/2—Shv va ] (1-15)

where superscript ?7T” refer to transpose, and /2 is introduced to satisfy norm
conservation under polarization transformation. Using €2, Tragl defined the co-

variance matrix (X) for random targets as,

Y = (0T
(1Shal®) V2(SinSh,)  (ShaSiy)
= | V2(SSs) 20Sml®)  V2(SkSZ) (1-16)

(SwSin)  V2(SuSiy)  (ISw]?)
where ”*” refer to conjugate and (.) denotes time average. The covariance matrix

shown above includes three real and three complex terms. The three diagonal

terms are real and represent mean copolar power at H and V-polarizations, and
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the cross-polar power. The three upper triangle terms are complex and represent
(two co-cross and one co-co) correlation coefficients.

The covariance matrix shown in (1-16) is measured in the (H,V) basis. Ac-
tually, we can transform to any orthogonal elliptical basis by using the unitary

polarization transformation matrix. The transformation matrix (T(x)) is (Tragl

1990)[53],

. 1 V2x X’
—V2x" (1=xx") Vv2x (1-17)

(N
X T+ xx (X*)2 _\/§X* 1

where x is the polarization ratio defined in (1-10a,b). The new covariance matrix

in the transformed basis (defined by ellipticity angle 7 and tilt angle 6;) is,

T =TK) =T (x) (1-18)
For example, we have covariance matrix in (H,V) basis and need to calculate the
covariance matrix in slant 45° mode. We can let 7 = 0° (linear polarization) and
6; = 45°. Put 7 and 6; into (1-10a,b) to get polarization ratio (x). Using (1-17)
and (1-18) we can get covariance matrix for slant 45° mode.

As mentioned in the beginning of this section, the different polarization bases
(linear and circular) have their own advantages and disadvantages. The covariance
matrix includes the most important properties of the radar observables. There-
fore, combining covariance matrix measurements and basis transformation can offer

more information about the targets.

1.2 Overview of Thesis
This thesis contains 5 chapters as follows:

Chapter 1 Introduction
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This chapter gives a brief review of dual-polarization weather radar devel-
opment. Following the review, we introduce some important concepts of
dual-polarization radar theories which include polarization state, scattering

matrix, covariance matrix and basis transformation.

Chapter 2 The Areal Rainfall Estimate

An areal rainfall estimate based on differential phase shift is proposed. We
compare our algorithm with another algorithm which is based on the same
concept, but our approach is different in theory and implementation. More-
over, we have introduced a J correction method which will correct the rainfall
estimation error due to mean shape changes caused by drop oscillations. The
cases study analyzed shows that the 8 method can improve the rain accu-

mulation when compared against gages.

Chapter 3 Estimation of Gamma Rain Drop Size Distribution Parameters by

Polarization Radar

Based on an equivalent linear mean axis ratio model (8 method discussed
above), drop size distribution (dsd) parameters are retrieved using Z,, Zg,
and K4, data. We are able to extend the dsd retrieval algorithm for low

rain rates where K4, and Zy tend to be "noisy”

signals. We also propose a
new coeflicient adjustable Z-R relationship. This rainfall estimator is more

accurate and more flexible than the traditional Z-R estimator.

Chapter 4 Drop Orientation and Canting Angle

There are three main properties of precipitation namely, dsd, mean axis
ratio model and drop orientation distribution which must be specified before
a radar-based algorithm can be used to estimate rainfall or dsd parameters.

We discuss the drop orientation distribution model due to turbulence and
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oscillation. We have analyzed three different canting angle estimators using
simulations and show their impact on the radar observables. Finally, we
discussed the impact of canting angle to radar observables.

Chapter 5 Conclusion

We summarize the achievements and contributions of this thesis, and suggest

how they may be extended in future studies.
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Chapter 2

THE AREAL RAINFALL ESTIMATE

Rainfall measurement is an important topic in radar meteorology. Surface
rainfall rate is measured using rain gauges. However, rain gauges can only offer
the rainfall rate as a function of time at a specified location. It is not realistic
to get high spatial resolution measurement over a large area by using gauges. On
the other hand, weather radars can overcome this disadvantage. Therefore, the
rainfall estimation techniques become an important issue for radar meteorology,
especially algorithms using dual-polarization radar.

One important rain rate algorithm is R-Kgy, (Sachidananda et al. 1987)[45]

given as,
R(Kg) =cKj,  ;mmh™! (2-1)

where R is rainfall rate. The coefficient ¢ and exponent b are dependent on the
radar frequency, the raindrop shape model and to some extent on the drop size
distribution. There are some advantages of using Ky, to calculate rainfall rate.

First, Ky, is the range derivative of differential phase(®4p,). It can be expressed as,

_ 1dy,
T2 dr

Kgp (2-2)

Therefore, Ky, is not affected by radar system gain or propagation attenuation.

Although any phase measurement will contain a system offset, the offset should
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be constant for a stable radar system. Therefore, the system phase offset will
cancel out by the derivative operation. Second, the reflectivity factor, Z, is the

6th moment of drop size distribution (dsd) and can be expressed as,
7 = / DSN(D)dD (2-3)
D
On the other hand, K, is approximately proportional to the 4th moment of the

dsd. In the Raleigh limit, it can be written as,

wk,

Kop =73

Re [ [ D*N(D)F(r,¢;)dD (2-4)

where F(r,¢,) is a function of axis ratio (r) and relative permitivity (e,), (see
Chapter 7, Bringi and Chandrasekar 2001) [9]. Therefore, K, is less affected by
variations in the drop size distribution (Zrnié¢ et al. ; 1996)[43], compared to the
other algorithms based on reflectivity.

The radar estimates the rainfall rate in the resolution volume which is always
above the ground. On the other hand, rain gauges measure the rainfall rate on
the ground. Therefore, there is always some bias and fluctuation error between
radar rainfall rate estimates and gauge estimates. This problem can be viewed
as a statistical estimation problem (Chapter 8, Bringi and Chandrasekar 2001)[9].
Generally, algorithms to solve this problem are based on statistical /engineering-
based techniques or on physically-based techniques. There are many statisti-
cal/engineering algorithms such as neural-network, probability-matched and areal-
time integral(ATI). In this dissertation, we will focus on physically-based tech-
niques and, in particular, on the mean areal rain rate algorithm based on differen-

tial propagation phase (®4,) which is useful in hydrological applications.
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2.1 Theoretical Basis

Let R(z,y) represent the rainfall rate. The areal rainfall in a Cartesian region -

can be expressed as,

AR = / / R(z,y)dzdy (2-5)
R-A

where R is the average rainfall rate and A is the area of the region. In polar

coordinates, (2-6) can be written as,

AR = / / R(r, 8)rdrdd (2-6)
Combining (2-1) and (2-6),

AR = / / ¢ K. (r, 0)rdrdo. (2-7)

2.1.1 Ryzhkov and Zrnié Formula

Although we can calculate AR from (2-7), K, is not measured by radar
directly. We want to compute AR from ®,4, since this is directly measured. In
order to express (2-7) in terms of ®,,, Ryzhkov et al. (2000)[44] suggested that
the exponent b in the equation is close to unity (around .83). Since Ky, is radial
derivative of ®4,, Kg, over the range interval (ry,r,) should be approximately
proportional to the ®q,(r,) — ®gp(r1). If r, — 7y is small, then K4y can be assumed

to be a constant in this interval; thus, (2-7) can be simplified as,

AR.;; = /enc-Kgp(H) /:"rdrde

1

2 2

On
- /e ¢ K3, (6) - 5L db (2-8)
1
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Note that ”rzf” refers to Ryzhkov-Zrni¢ formula. From (2-2), K4, can be expressed

using finite differences as,

de — l@dp(’rm 6) - (I)dp(rla 9) (2_9)

2 Tn —T1

and substituting into (2-8), the AR can be written as,

0
C [, 9 9

lq)dp (Tna 0) - q)dp(rly 9)

AR =3 - *df 2-10
Rer 2 0, (7'” Tl)(g o — 11 ) 5 ( )
and the numerical approximation is,
n 1®4,(ry, 60;) — ,0;
AR,y = gZ(Tn +71)(rn = 7'1)[5 (7, ) = oy, )]bAH
=1 ™m — 71

= N G - ) B, 6) ~ D, OPAS (211

2.1.2 CSU Formula

Starting from (2-7), Bringi and Chandrasekar (2001)[9] give another approach
in chapter 8 of their book. They assume that the exponent b is equal to one.

Integrating (2-7) by parts, the AR can be written as

011 Tn
AR,., = g [rn@dp(rn, 8) — 11 By (r1, 0) — / By (r, H)dr] do, (2-12)
‘R T1

where ”csu” refers to CSU algorithm. The numerical form is,
c
Ao = § 3 i)~ 10 1,0) = B 5)r] 20, (213
J 7

Fig. 2.1 shows the scatter plot of R vs. K, based on scattering simulations
and measured dsds. The simulations use the operating frequency of 5.5 GHz
(C-band) and, the axis ratio relationship given by Andsager et al. (1999)[1] for
1 < D <4 mm and Beard et al. (1987)[7] for D <1 or D > 4 mm. In addition,

the canting angle distribution is assumed to be Gaussian with zero mean and
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160 T T ] 1 T T a
R=433K, ; 0.1<K <0.5
dp dp
1401 =354K_; 05<K_<1.0 1
dp dp
=302K, ; 1.0<K <2.0
120+ dp dp 7
=26.0K i i K c'p>2.0
=100 -
<
£
£
80 y
8
©
o
£
g 60 .
40 -
20 .
1 1

-1
K o (deg km™)

Figure 2.1: The R vs. Ky, scatter plot from Darwin dsd at C-band. Note that
dark solid lines are the piece-wise linear fit for C-band.
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| Kgp ; (°/km) | Coefficient for C-band | Coefficient for S-band |

0.1-05 43.3 81.5
0.5-1.0 35.4 65.5
1.0-2.0 30.2 57.5
otherwise 26.0 59.8

Table 2.1: The coefficient for piece-wise linear fitting.

standard deviation of 10° which is applicable to tropical rain (Chapter 7, Bringi
and Chandrasekar 2001) [9]. It is obvious that R-K,, follows a power law. If we
force the equation to be linear, the bias in the low rainfall rate region will be large.
Therefore, we separate Ky, into several portions and then the R-Kj, relationship

will become linear in each segment. This method is called piece-wise linear fitting

(see Fig. 2.1). The coefficient ¢ is listed in Table 2.1 for C and S-bands.
2.1.3 [ Correction

Both Ryzhkov-Zrni¢ and CSU algorithms are based on Ky, measurements.
Theoretically, all radar parameters, including Kgp, can be calculated by specifying
the drop size distribution (dsd). A common dsd model is the gamma distribution

which can be expressed as (Ulbrich 1983)[54],
N(D) = ncf(D) (2-14)

where D is equivalent spherical diameter, n, is the concentration and f(D) is the

gamma probability function which can be written as,

b Aptl AD
f(D) = me (2-15)
with n. defined as,
I'(p+1)
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where A and p are the gamma pdf’s parameters. The volume-weighted median

drop diameter, Dy, is defined by,

/0 ” DAN(DYAD = / ~ D*N(D)dD (2-17)

Dy

In terms of dsd, the horizontal reflectivity factor (Z3), the differential reflectivity
(Z4r) and Ky, can be defined as,

7 = w5A|Z|2 [ DINDYID (=) (2-18a)
Zy = 1oz0910§:8§x§g§3g (dB) (2-18b)
Ky = —1%933@ [/ h- F(D) - - F(D)N(D)AD| (degree) (2-18c)

where oy, are radar cross sections in horizontal and vertical polarization, k =
(e, — 1)/(e, + 2), "Re” states for the real parts and F(D) is the forward vector
scattering amplitude.

The drop axis ratio (or, shape) is dependent on the equivalent spherical diam-
eter, D. In steady air flow, the drop shape is determined by the balance of surface
tension, gravity and aerodynamic force. A simple model given by Green (1975)[19]

shows that the drop shape should be oblate and D is given by,
/2

T (L e V|
D=2 (/a) 7

where o (72.25 erg cm™2) is surface tension, g is the acceleration of gravity (981

(2-19)

em s72), p, is the water density and (b/a) is the axis ratio (b is the semi-minor
axis length and a is the semi-major axis length). Pruppacher and Beard (1970)[40]
used a linear fit to their wind-tunnel data and showed that the relation between

D and (b/a) could be simplified as,

b
o= 1.03-0.062D; 1< D < 8mm (2-20)
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Careful examination of drop images from aircraft-mount 2D imaging probes by
Bringi et al. (1998)[10] showed that (b/a) was slightly larger than (2-20) when D
was less than 3 mm and slightly smaller when D was great than 4.5 mm. Moreover,
fields studies conducted by Tokay and Beard (1996)[51] showed that raindrops be-
tween 1 to 4 mmm would oscillate in unsteady air flow. Drop oscillations can result
in error in rain rate retrieval using Ky, (as well as other polarimetric data). In
order to overcome this problem, Gorgucci et al. (1999, 2000){16, 17] proposed an
algorithm to estimate the mean shape of raindrops from the polarimetric measure-
ments. They state that in (2-20), the slope of the linear fit should be a variable,

0, instead of a constant (0.062 mm™'). So 3 can be expressed as,

dr

’="u

(2-21)

where r = (b/a). Note that 3 > 0.062 mm ™! means that raindrops are more oblate
than equilibrium, and 8 < 0.062 means that they are less oblate. By computing

Zn, Zgr and Ky, using the gamma dsd model with parameters varying as follows:

-1< p <4 (2-22a)
1032102160 o p o 0A5+0.55m (2-22D)
05< Dy <25 (2-22¢)

and (3 is between 0.02 to 0.1, Gorgucci et al. (2000)[16] are able to express g at
S-band as,

/6 = 2.08 x Zh—0.365100.0965ZdT K((i)z.)380 (2_23)

using non-linear fitting techniques. They also obtained a R-K,, algorithm at S-

band as,

R(Kg4) = 0.4404~ 1012359671 (2-24)
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as well as a linear R-Ky, fit,
R(Kg4) = 05787 1°Ky, (2-25)

To apply the § correction (which corrects the rain rate for unknown drop
oscillations), first we find the R-Kg, relationship (R(Kg) = cKgp) with fixed
based on disdrometer data analysis. However, from simulations using disdrometer

data, the G040 is a function of Z, and can be expressed as,
Brmodet = 0.0049€3 — 0.0043&,4, + 0.0433 (2-26)

where &4, is Zg4, in linear scale (£4, = 10%1%¢). Next, we form the initial estimate
of rainfall rate using R = cKy, (with ¢ from Table 2.1). We also calculate § by

using (2-23). From (2-25), we can calculate the corrected rainfall rate as,

R(K4,B) = (-6’”—[;“1)1'561% (2-27)

Such a methodology can only be applied to events where the rain rate is
sufficiently large so that Z; and K, data are reliable. It is one physically-based
method for accounting for both drop oscillations as well as drop canting due to

turbulence.

2.2 Error Structure and Comparison of Two Algorithm

From a statistical view point, any estimation procedure will result in error. In

A

general, the relation between estimated rain rate (R) and true rain rate (R) can

be expressed as,

R=R+e¢+ ey (2-28)

and

var(R — R) = 0%(¢&p) + 0% (€m) (2-29)
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Figure 2.2: The normalized standard deviation of R(Kg4) = aK}; (0/R) versus
R for S-band radar.

where €, is the parametric error and €, is the measurement error (Bringi and
Chandrasekar, 2001)[9]. Fig. 2.2 shows the o(¢,) and o () for R = ¢K}, algorithm
versus rain rate based on simulations at S-band.

The parametric error is due to the parametric form of R. Since all radar pa-
rameters (Z,,, Zy, Kqp and so on) are functions of drop size distribution, canting
angle distribution, axis ratio distribution, etc., the parameters are random . vari-
ables and can change with time. When we used a fixed form to express the relation

between R and radar data, e.g., R = cK},

we will induce parametric errors. Ac-
cording to the result in Fig. 2.2, the standard deviation of parametric error (o(e,))
is a function of rain rate and is around 27% on average for the R-Kg, algorithm.
The measurement error (e,) is due to measurement fluctuations and can be re-
duced by averaging over area and time. Ryzhkov et al. give the measurement error

for their areal rain algorithm (see, (2-30)) when integrated over time as (Ryzhkov

et al. 2000)[44],

CO’q;dp

L(2M J)1/?

o(em) =

(2-30)
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where L is the number of gates for each beam, J is the total beams in the area,
and M is the total number of sweeps in the observing period. Since this error is
due to ®4, measurement fluctuations, it should be valid for the CSU algorithm

given in (2-13), too. So we also used (2-30) to estimate the measurement error of

RCSU'
2.2.1 Computer Simulation of Additional Errors

Except for general errors discussed above, the two areal rain rate algorithms
induce additional errors due to the assumptions involved. The CSU algorithm
assumes that the R-K, relationship is locally linear. Actually, the R-Kjgj, relation
at long wavelengths is not linear (Sachidananda and Zrnié, 1987)[45]. Even if piece-
wise linear fitting is used, it still produces additional error. On the other hand,
the Ryzhkov-Zrni¢ algorithm assumes that Kg, is constant along the radar beam.
This assumption introduces two extra error components. First, the actual range
profile of K4, usually is not a constant over long path. Second, the range-weighting
in (2-7) is constant at (ro + r1)/2. However, the further resolution volumes will
cover a larger polar area than nearer ones. So (2-7) will produce a range-weighting
error.

In order to understand the effect of these additional error components on
the two areal rain rate algorithms, we assume that the ”true” rain rate is given
R = 324K} with 6 ideal Ky, profiles used to simulate the resultant errors. The

6 K4y, profiles are (see Fig: 2.3):

1. Ky, is constant and equal to 2° km™! over the range interval.
2. Kgp is linear increasing form 0° to 2° km™! versus range.

3. Ky profile is an isoceles triangle.
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Figure 2.3: Illustrating the idealized K4, profiles used for simulations,(a) Profiles
marked 1 through 3, (b) Gaussian profiles marked 4 through 6.
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4. Kgp is Gaussian in shape with o of 1.5 km (5 gates). The peak Ky, is located

at the center and equal to 2° km~1.

5. As in 4 except that the peak is located asymmetrically with respect to the

center of the path interval.

6. As in 4 except that the peak is located asymmetrically as shown.

Fig. 2.4 shows the percentage error in AR, and AR,,; versus the Ky, profile
number. Apparently, AR, is exact when Ky, is constant (e.g. profile #1) because
this profile agrees with the assumption of the Ryzhkov-Zrni¢ algorithm. However,
AR, has smaller error (< 10%) than AR,,; when Ky, profiles are Gaussian shape
(profile #4-6). Moreover, the errors in AR, fluctuate between +£10% depending
on the shape of K4, and in AR, seem to be one-sided. It implies that the error
in AR, may be even smaller than simulations as actual Ky, profiles tend to be
random in shape.

A further simulation has been performed to investigate the impact of range-
weighting. Again, we assume the ”real” rain rate follows the power law we mention
above. We start with K, as profile #4 whose peak is located at the center of the
profile path ([rq,72)=[39.9,59.7] km, center at 49.8 km). The r; is fixed and r,
expands from 59.7 km to 100 km with step of 0.15 km. The percentage error
of AR.s, and AR,,; versus (ro — 1) is shown in Fig. 6. As expected, the error
in AR, s increases with (r; — ;). On the other hand, AR, is not sensitive to

range-weighting and the error is bounded to < 10%.

2.3 Case Study

In this section, we apply two different areal rain rate algorithms to data sets
from two different radars. Both data sets include their own gage network. By
comparing the estimated rain rate (R,,; and R.,) with gage rain rate (Ry, ”g”

refer to gage), we are able to examine the accuracy of these two algorithms.
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] [ BMRC C-POL
Peak Power 250 KW
Operating Frequency 5605 M Hz
Pulse width 1.0 and 2.0 ps
Antenna Gain 45 dB
Beamwidth 1.0°
Max. Range 600 km
PRF 200-1200 Hz
Polarization Linear Horizontal and Vertical
Variables Zh, Vi, 04y Zar, ®ap and ppy

Table 2.2: Specifications of the BMRC C-POL radar

2.3.1 C-band Data from Darwin

The C-POL radar! is located near Darwin, Australia and operated by the
Bureau of Meteorology Research Center (BMRC) (Keenan et al. 1998)[30]. The
specification of the C-POL radar is shown in Table 2.2. The D-scale gage network
which is located about 40 km southeast of radar includes 20 gates in around
100 km? polar area. The gages are 203-mm-diameter tipping-bucket type and
calibrated routinely to maintain the data quality (May et al. 1999)[35]. For each
gage, l-minute rain rates (R,) were available. Also, a Joss disdrometer located
in the network offered about 2000 2-minute average dsd data sets which includes
different rain types for an entire wet season. These dsd data were used to estimate
the coefficients of a piece-wise linear fit between Ky, and R (see Fig. 2.1).

The C-POL data includes Zj, Z4 and ®4y. Z;, and Z, are corrected for prop-

agation attenuation by using a self-consistent, constraint-based method (Bringi et
al. 2001a)[13]. The ®4, data arc filtered in range with an adaptive filtering al-

gorithm (Hubert et al. 1995) [25]. Since the fluctuations of filtered ®,4, is less

Please see the BMRC web page at www.bom.gov.au/ bmrc/wefor/research /scsmex.htm
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than 1°, we applied a threshold of A®y, = $y,(ry) — Pgp(r1) > 2° for each beam
when using (2-11) and (2-13). The corresponding rain rate for this threshold is
around 5 mm h~!. For those beams below the threshold, a fixed Z-R relationship
is applied to calculate the rain rate. The coefficient and exponent of the Z,-R
were determined from disdrometer data and is Z, = 305R'%6. The coefficients of
a piece-wise linear fit between Ky, and R is shown in Table 2.1.

The radar data from the lowest available elevation tilt (0.5°) were used to
estimate the areal rain rate. Generally, there are 12-15 beams in the polar area
in Fig. 2.7. A low elevation sweep was available every 10 minutes. So the time
spacing for mean areal rain rate (Res, and R,,;) was 10 minutes. Since the time
resolution of gage (R, 1-minute time spacing) and radar (R, and R,,;, 10-minute
time spacing) is different, a 2-minute time window was applied. Let ¢, be the radar
sampling time. The gage rain rate (R, (t,)) is estimated by averaging all R, in the
time window which is #o = 1 minute. Next, we applied a time delay by sliding
the time window backward/forward in 1 minute intervals, and an optimal delay
time was obtained by minimizing the absolute deviation between R, and R,.
Generally, the optimal delay time was around 1 minute.

There were twelve events from Darwin, Australia that are analyzed here, 11 of
them from 1998/1999 summer wet season (December 1998 - March 1999) and one
from January 1998. We used normalized error (N E) and normalized bias (N B) to
examine the validation of algorithms. The normalized error and normalized bias

are defined as,

(1/N) 3 | Res = R
NE =1 (2-31a)
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N
1/N Z csu
NB = = (2-31b)
(1/N)>_ R,
=1

Fig. 2.8 and 2.9 show a typical time series of Ry, R;» s and Rg and their accumula-
tion from one event on 18 February 1999. The standard error bar on R.,, includes
both parameterization error (e,) and radar measurement error (e,,). Moreover,
the error bar also accounts for the fact that the parameterization error has been
reduced by the number of uncorrelated samples. This number is calculated as
(10/3)? = 11, where 10 x 10 km? is the area and 3 km is a typical decorrelation
distance for convective cells in this region (Maki et al. 1999)[32].

Table 2.3 shows the NE and NB for the 12 events. As expected, the two
algorithms are high correlated, i.e., for those events where the CSU algorithm had
lower NE and N B, the Ryzhkov-Zrnié formula also shows lower error. Fig. 2.10
compares R, with R,. The normalized error is 37% and normalized bias is 5%.
Generally, the parameterization error (¢,) is larger than the measurement error
(€,) and is expected to be around 0.35/y/11 ~ 10% where 0.35 is o(e,) with
R~ 20 mm h™! based on R = cK}, and 11 is the number of uncorrelated samples
in the area mentioned above. So the error excluding parameterization error is
around 27%. There are several possible sources which may account for the 27%,
for example, (1) gage measurement error, (2) sampling error of the gage and (3)
radar/gage sampling volume mismatch.

Fig. 2.11 compares rainfall accumulation from radar (Resy, R,.; and R-Zj)
and gage (Rg). The rain accumulation from gage is based on 10 minutes sampling
and is averaged over 2 minutes interval. The normalized error is 14.1% for CSU and
21% for Ryzhkov-Zrnié estimator, and normalized bias is 5.6% for CSU and 11.4%
for Ryzhkov-Zrni¢. Because the sampling error of the gage network is expected to

be around 5-7% (Silverman et al. 1981)[49], the results show that both CSU and
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| DATE | Delay Time (minute) | NE (%) | NB (%) |

Jan. 02, 1008 0 55.22 | 12.60
61.74 | 30.48

Dec. 09, 1998 1 26.12 | -6.45
3429 | 14.84

Jan. 15, 1999 3 28.36 | 10.97
39.11 | 25.36

Jan. 21, 1999 1 63.06 | 3.06
6551 | 3.24

Jan. 22, 1999 1 58.03 | -44.14
59.05 | -46.01

Feb. 09, 1999 2 64.82 | -30.90
, 63.91 | -29.62

Feb. 18, 1999 1 26.39 | -2.03
3793 | -7.22

Feb. 19, 1999 1 1258 | 3.58
13.98 | 2.85

Feb. 25, 1999 1 4772 | 3327
16.63 | 34.84

Mar. 01, 1999 1 26.75 | 10.86
35.60 | 11.45

Mar. 17, 1999 0 51.97 | 10.12
67.81 | 39.36

Mar. 21, 1999 0 24.02 | 13.76
2085 | 12.08

Table 2.3: NE and NB of 12 events from Darwin, Australia. In each event, the
first column is using the CSU algorithm and the second one is using the Ryzhkov-
Zrni¢ algorithm.
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Figure 2.10: Scatterplot of R.,, versus Rg from 12 events. The normalized error
is 37% and the normalized bias is 5%.
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Gage Network #1 | Gage Network #2 | Gage Network #3 | Gage Network #4
Ji Parana Airport Ematar Fazenda Triangula | Fazenda Sao Jose

| 436 km/20° | 542km/339° | 79.3 km/332° | 115.7 km/327° |

Table 2.4: Approximate range/azimuth angle of 4 gage networks relative to the
S-pol radar

Ryzhkov-Zrnié¢ estimator are very accurate and much better than the fixed Z-R
relation. Moreover, the results also show that CSU algorithm has less error than
Ryzhkov-Zrni¢ algorithm which agrees with the simulation results (see Fig. 2.3

and 2.4).
2.3.2 S-band Data from Brazil

A field experiment which was supported by NASA/TRMM was held in Ama-
zonia from 1 November 1998 to 28 February 1999. During this period, the NCAR
S-pol radar was located at 11° 13’ 16.5” South and 61° 59’ 53.5” West. There were
4 sets of gages north of the S-pol radar. Each gage measured the rainfall rate and
rain accumulation every minute. The range and azimuth of the 4 gage sets are
shown in Table 2.4. The event we studied is focused on gage network #1 which
was near Ji Parana Airport. The location of gage network #1 and the polar area
used to estimate the areal rainfall rate are shown in Fig. 2.12.

On 15 February 1999, the S-pol radar observed a storm event that started
around 01:00 (UTC). The first event hit gage network #1 around 03:45. From
04:21 to 07:13 (UTC), three events swept through the estimated area. Fig 2.13
shows the Z;, vs. Zg scatter plot from the low elevation angle data. The system
Zg4 bias was estimated to be 0.15 dB (measured Z; was reduced by 0.15 dB).
Fig 2.14 shows the R vs. Ky, scatter plot based on the Joss disdrometer data
in Darwin, Australia and simulated at S-band. The simulation uses Andsager et

al. model (1999)[1] for 1 < D < 4 mm and Beard-Chuang model (1987)[7] for
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Figure 2.15: Time series of mean areal rain rate (R, and R;z) versus gage rain

rate (R,) for the storm of 15 February 1999.

D < 1or D> 4 mm. The canting angle model is assumed to be Gaussian with
zero mean and 10° standard deviation. By applying a piece-wise linear fit, we get
the coefficients for R, which is shown in Table 2.1 whereas the non-linear R-Kgj
relation is R(Kg) = 56.2KJ°. The mode of 8 based on the same simulation is
0.0450 and this value would be the default §.

In this case, the radar sampling interval was not uniform (the minimum was 11
seconds, the maximum was 375 seconds and typical value was 33 seconds) whereas
the rain gages recorded rain rate every minute. In order to compare R, with

radar estimates (R, and R,.s), we first calculated R, and R,.; by applying
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Figure 2.16: The comparison of rain accumulation over the estimated area.
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Figure 2.17: The effective 3 vs. time.

(2-13) and (2-11) in each radar sweep. Next, we divided whole duration time
(from 04:22:26 to 07:14:26) into 77 2-minutes intervals (t;,%,- - -¢77). Finally, we
computed Re,zf(tn) by averaging Ree,.,. 5 over t, = 1 minutes interval where n
is 1 < n < 77. To calculate gage rain rate, a time delay, 7, is introduced as we
did for C-band data (see Section 2.3.1). The R,(t,) is averaged R, over ¢, + 7+ 1
minutes interval. In this case, optimal time delay was found to be 3 minutes.
Fig. 2.15 shows the radar estimated areal rain rate and gage areal rain rate versus
time. The normalized error (NE) is 30.01% for CSU estimator and 34.38% for
Ryzhkov-Zrnié algorithm. Fig. 2.16 shows the comparison of rain accumulation
over the estimated area. The normalized bias (NB) is 22.87% for CSU estimator
and 20.10% for Ryzhkov-Zrnié algorithm.

As mentioned above, the radar sampling interval is 33 seconds. There are
around 3 or 4 sweeps in a 2-minute interval. This higher time resolution comparing
to C-band data (10 minutes per sweep) allowed us to estimate 3 for each 2-minute
interval. In order to estimate 3, we set the threshold as Z;, > 30 dBZ, Z4 > 0.5

dB and Kg4, > 0.1 °/km. First, we calculate 8 for all resolution volumes which
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Figure 2.18: The radar areal rainfall rate after 3 correction.

r | Normalized Error [ Normalized BiasJ
CSU Estimator without 3 correction 30.01% 22.87%
CSU Estimator with 3 correction 28.74% 7.87%
Ryzhkov-Zrnié Estimator without 8 correction 34.38% 20.10%
Ryzhkov-Zrni¢ Estimator with 8 correction 34.84% 5.31%

Table 2.5: The normalized error and bias for the storm event of 15 February 1999.
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satisfy threshold by using (2-23). Second, in any time interval whose center time
is t,, B(t,) is the mode of 3. If amount of qualified Os (satisfied threshold) in
the time interval are less than one tenth of total amount of resolution volumes
available in the time interval, we let 8 = 0.0450 (default value for tropical rain).
Fig. 2.17 shows 8 versus time and Fig. 2.18 and 2.19 show the rainfall rate and
rain accumulation compared with gage data after § correction. The NE and NB
are in Table 2.5. The NB of CSU estimator reduces from 22.87% to 7.87% and the
N B of Ryzhkov-Zrnié estimator reduces from 20.10% to 5.31%. The NE improves
slightly (around 1.3%). As expected, the Ryzhkov-Zrni¢ estimator is more accurate
comparing with the Darwin case because the integrated path is shorter (4.6 km in
Brazil and 10 km in Darwin). These results show that § correction can improve

N B significantly by reducing the bias between R, and R,.

2.4 Summary

In this chapter, an areal rain rate algorithm is proposed based on differential
phase shift (®4,). This algorithm assumes a ”locally” linear R-Kg, relation to
simplify the formula. However, the actual R-Kj, relation is non-linear and follows
a power law. In order to reduce the bias due to linear fit, we suggest using a piece-
wise linear fit by carefully selecting K4, segments. Moreover, we compare the CSU
estimator with another areal rain rate algorithm proposed by Ryzhkov-Zrnié¢ which
assumes that K, is constant over the range segment but uses the power law R-Kg,
relation. Both simulations and case study analysis show that the CSU algorithm
lead to less error than Ryzhkov-Zrnié¢ the algorithm.

In addition, we also consider the bias introduced due to drop oscillations by
considering the 3 correction, where [ is the slope of axis ratio versus equi-volume
diameter of drops (Gorgucci et al. 2000)[17]. The S-band radar data have sufficient

high time resolution and we found that we can apply the 8 correction on an areal
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basis. The results show that 3 correction can reduce the bias in rain rate estimation
significantly. More details of the g adjustment procedure will be discussed in the

next chapter.
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Chapter 3

ESTIMATION OF GAMMA RAIN DROP SIZE DISTRIBUTION
PARAMETERS BY POLARIMETRIC RADAR

The drop size distribution (dsd) model directly connects to the microphysical
properties of precipitation. Therefore, any physically-based rain rate algorithm
based on radar observations has to consider the dsd model. The dsd model varies
spatially and temporally within a storm event and it also varies in different storm
types and climatic regimes. Traditionally, surface disdrometers and aircraft imag-
ing probes are used to collect dsd data. By analyzing dsd data and combining
with radar observables, it is possible to derive algorithms for retrieval of the dsd
parameters. Since radar observations can offer not only high spatial and temporal
resolution but also large areal coverage, it is important to develop radar-based
algorithms for retrieving the dsd parameters.

There are two commonly used dsd models, namely, exponential distribution
(with parameters N, and A; Marshall and Palmer 1948)[34] and gamma distri-
bution (with parameters N, or N, D, or D,, and p, Ulbrich 1983; Willis 1984;
Testud et al. 2001)[54, 57, 50]. In early dsd studies, researchers focused on the
relation between D, (or Dy,) and Z4 (Seliga and Bringi 1976; Aydin et al 1987;
Bringi et al. 1998)[47, 6, 10]. It is well known that the functional relation between
D, and Zg is related to the mean axis ratio (r) versus drop diameter (D) relation

and it is also true of the relation between rain rate and Kg4. The axis ratio in
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steady air flow is related to its terminal velocity, surface tension and gravity (see
Section 2.1.3), and is a function of the equivalent spherical diameter (D). Equation
(2-20) shows a linear fit to wind-tunnel data by Pruppacher and Beard (1970)[40].
The actual shape of drops in unsteady air flow is different. Field studies conducted
by Tokay and Beard (1996)[51] show that drop sizes from 1 to 4 mm will oscillate.
Moreover, with wind shear and turbulence , the canting angle may be non-zero.
These effects tend to force the axis ratio to be more spherical. In order to over-
come the effects of axis ratio and drop orientation, Gorgucci et al. (2000, 2001,
2002) [17, 18, 14] suggested that the total effect of drop shapes (oscillation and
turbulence) will bias the axis ratio and the relation between mean axis ratio (r)
versus drop size (D), but it is possible to get a linear model for the relation by
defining a effective slope (B.ss) of r versus D. The effective slope can be estimated
by the radar measurement set (Zj, Zy and Kgp). Based on this theory, we can
extend the application to estimate gamma dsd parameters (N, D, and p).
Although we can estimate dsd parameters by using radar measurement set
and 3, at low rain rates, however, the Z4, and Ky, tend to be very noisy. In this
case, the effective 3 can not be used to retrieve dsd parameters. However, Zg,
and Ky, data may still be available by averaging these data spatially to reduce the
noise. By assuming that y is equal to zero (averaging dsd data over a longer period
will tend to exponential distribution), we may convert radar measurements to dsd
parameters. To examine the validation of our algorithms, we compare the retrieved
dsd data with NOAA profiler data. Moreover, we can estimate the coefficient of a

Z-R relationship and compare with gage data.
3.1 Theoretical Basis
3.1.1 Drop Size Distribution

Consider rain drops inside a resolution volume with different equivalent spher-

ical diameters (D) which can be expressed as (2-19). We divide D into several
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diameter intervals (D — AD,D + AD) and count the number (N (D)) of drops
whose diameter are inside the corresponding interval. The functional relation of

N(D) versus D is known as drop size distribution (dsd) and can be written as,
N(D) = ncfp(D) (3-1)

where n, is concentration and fp(D) is pdf of drop diameters. A commonly used

form of N(D) is the exponential distribution and can be expressed as,
N(D) = Nyexp(—AD) (3-2)

where A is the slope of exponential distribution and is related to median volume
diameter (D,). The D, is defined as those raindrops with diameters less than Dy

that contribute to half of total water content (W),

0 1
=P /O DN(D)dD = sW (3-3)

D
zpw/ " D*N(D)AD = (5) 2
6 0 2

where p,, is water density and AD, = 3.67. Exponential dsd usually arises when
dsd data are averaged spatially or temporally. A gamma distribution can represent

the ”instantaneous” dsd model and written as (Ulbrich, 1983)[54],
N(D) = N,D*exp(—AD) s> =1 (3-4)

where AD, = 3.67 + p and u is the shape parameter. This form is un-normalized.
The other parameter which plays the same role as D, is mass-weighted mean

diameter (D,,) and defined as,

_ [D*N(D)dD
Pn = TN (DD )

It is ease to show that AD,, = 4 + p and the relation between D, and D,, is,

3.
D o— 67 + p

o Dm -
o (3-6)
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Figure 3.1: Two gamma dsd forms with 4 =0, 2, 5 and 10. (a) gamma dsd form
suggested by Ulbrich (1983, also see (3-4)) where Ny = 8000 mm~'"# m~3 and
Dy =1 mm. (b) Gamma dsd form suggested by Willis (1984, also see (3-7)) where
N, = 8000 mm~™ m~2 and D, =1 mm.
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From (3-4), it is obvious that the unit of N, depends on p. If we fixed N,
and D, and changed pu, the shape parameter, the plots of N(D) versus D would
be as shown in Fig. 3.1a (Illingworth et al. 1999)[26]. Willis (1984)[57] proposed a
normalized gamma form which uses normalized diameter (D/D,) and normalized
intercept parameter by water content. The normalized gamma distribution can be
expressed as,

N(D) = Nuf(u)(-Yeap [~(3.67 + ) - (3-7)

(4] o

where N,, is the "new” intercept parameter and f(u) is,

6  (3.67+ p)~tt
(3.67)4 T(u+4)

flw) =

Note that f(0) =1 and (3-7) will reduce to (3-2).
3.1.2 Dsd Parameter Retrieval

As shown in Section 2.1.3, all radar parameters, including Z,, Zg, and Kgp,
can be expressed as moments of the dsd (see (2-18)). In the Rayleigh scattering
limit, Z, is related to the 6th moment of dsd, Zj is related to the reflectivity-
weighted mean axis ratio, and Ky, is related to the product of the water content
(W) and the deviation of mass-weighted mean axis ratio from unity (Jameson
1983, also see Chapter 7 of Bringi and Chandrasekar 2001)[27, 9]. Moreover, if
the relation between mean axis ratio versus D is fixed, then Zy can be related
to reflectivity-weighted mean diameter of the dsd, and Ky, can be related to the
product of water content and D,, (or D,). Although the relation between axis
ratio and D is non-linear when we consider the drop oscillations (due to resonance
maintained by vortex shedding or collisions) and canting (due to turbulence), an

equivalent linear model can be proposed as,

r=b/a=1.03— f;;D (3-9)
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where (ess is an "effective” slope parameter. Note that given the product of W
and D,, and adjusted Sy, the equivalent linear model will result in the same Ky,
as the actual model. Gorgucci et al. (2000)[17] found that the effective slope can
represent the net effect of drop oscillations and canting. They have developed an
algorithm to calculate 3 from Zj, Zs and Ky, (see (2-23)). In Chapter 2, we
also showed that rainfall rate estimation can be improved significantly by using 3
correction.

Extending the application of 3, Gorgucci et al. (2001, 2002)[18, 14] developed
several algorithms to retrieve N,,, D, and p from 3 and the radar measurement
set (Zp, Zgr and Kg,). We summarize their work briefly as follows: In the early

research of Gorgucci et al. (1994)[15], the D, was expressed as,
D, = a1 Zp" (&ar)™ (3-10)

Noted that &g is Zg in linear scale (£, = 10%!Z¢r). Apply a gamma dsd model

with parameters that vary randomly over following range :

05< D, <35 mm (3-11a)
3 S loglon S 5 (3-—11b)
~1< a4 <5 (3-11c)

and a equivalent linear axis ratio model with 3 varying between extreme values of
0.02 to 0.1 mm ™. Once the dsd and axis ratio model were selected, they computed
Zy, Zg and Ky, directly, and then used nonlinear regression analysis to estimate

coefficients (a;) and exponents (b; and ¢;) of (3-10). The results at S-band are,

a; = 0.56 (3-12a)
by = 0.064 (3-12b)
e, = 0.024p711 (3-12¢)
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Similarly, the normalized intercept parameter is given as,

logioNy = aszbf(fdr)c2 (3-13a)
a; = 3.29 (3-13b)
b, = 0.058 (3-13c)
e = —0.0233713%9 (3-13d)

After D, is estimated, the shape parameter was estimated as,

s (3-14)
as = 2035"% (3-14b)
by = 22330388 (3-14c)
cs = 3.16570046 (3-14d)
d3 = 0.3743793% (3-14e)

Note that the thresholds using here are Z;, > 35 dBZ, Z4 > 0.2 dB and Ky, > 0.3
°/km.

At low rain rates, the Z; and Ky, are known to be very noisy. Therefore,
we cannot estimate § by using (2-23). Subsequently, we are not able to estimate
dsd parameters. In order to retrieve dsd parameters at low rain rates (those radar
measurements sets that do not satisfy the threshold), we have developed other
algorithms which do not depend on 8 (i.e. a fixed #-value is assumed).

During TRMM /Brazil field campaign, dsd data from a 2D-video disdrometer
and a RD-69 were available. These two instruments and a NOAA profiler (a 915
MH?z vertically pointing Doppler radar) were located close to each other at Ji

Parana Airport. Due to the technical difficulties, the 2D-video disdrometer was
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not operating continuously in the field campaign but limited data were available in
both convective rain (164 two minute-averaged dsd samples) and stratiform rain
(49 two minute-averaged samples). The classification of rain type was based on
manual examination of profiler reflectivity/velocity images. On the other hand,
the RD-69 disdrometer was operated more or less through whole field campaign.
In this research, the RD-69 data was used only when 2D-video disdrometer data
was also available. A comparison between these two instruments is available in
Tokay et al. (1999) and Williams et al. (2000)[52, 56]. These studies show that
the D,, and R from two instruments at low rain rates (Z, < 40 dBZ) are in very
good agreement. Small drops measured by 2D-video disdrometer can be affected
by wind (Nespor et al. 2000)[39]. So we carefully examined the spatial distribution
of drops across the sensor area to make sure the 2D-video data was not distorted
due to wind. In addition, we also apply a terminal velocity filter which will reject
any data whose terminal velocity exceeds a specified ”band” around the theoretical
value (v(D) = 9.65 — 10.3exp(—0.6D) m s~!; Atlas et al. 1973)[4].

In the following analysis, only 2D-video data were used in convective rain and
both 2D-video and RD-69 data were used in stratiform rain to increase the sample
size. The gamma dsd parameters set, (N, D, p), are estimated by using the

procedure suggested by Bringi et al. (2000a)[12] and briefly summarized as follows:

1. Calculate the water content (W; g m™3) and mass-weighted mean diameter

(Dyn; mm) from dsd measured data.
2. Compute N,, as N, = (256/7)(10°W/D2).

3. Construct normalized gamma dsd form as Ny,orm(Di/Dm) = Nmeas(Di/ D) /Ny

and estimate p by minimizing the error function expressed as,

Error = _31}132115 110910 Nnorm (2:) — logro[f ()t exp—(4 + u)z])|  (3-15)
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Figure 3.2: Scatterplot of Zg versus D, based on the measured dsd data from
TRMM/Brazil field campaign. There are 164 2D-video samples for convective
rain and 152 samples from both 2D-video and RD-69 for stratiform rain. Two
power-law fits for D, < 1.5 and D, > 1.5 mm

After dsd parameters were obtained, we compute Z), Z4 and K, directly at 2.8

G Hz assuming that

e mean axis ratio fit suggested by Andsager et al. (1999)(1] for 1 < D < 4 mm
and by Beard and Chuang (1987)[7] for D < 1 and D > 4 mm.

e Gaussian canting angle distribution with zero mean and 10° of standard

deviation.
e size integration upto Dy, = 2.5Dy,.

Fig 3.2 shows the scatterplot of Z,, versus D, (D,, and D, are exchangeable
by using (3-6)) and two power-law fits. From the power-law fitting, we can express

D, as a function of Z;, as,
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D, = 1.68(Z4)"*%; D, < 1.5mm (3-16a)

D, = 1.74(Z4)*%%; D, > 1.5mm (3-16b)

Note that D, = 1.5 mm corresponds to Zg = 0.7 dB. In addition, the D, is
proportional to Z5:3%® (or Z9:53). Therefore, Z,; should be greater than or equal
to zero for meaningful D,. Considering that measurement fluctuations can be
around 0.2 dB, the threshold of Z,, for using (3-16a,b) is 0.2 dB. Fig. 3.3 shows

the scatterplot of Z;/N,, versus Dy and a power-law fit which is
D, = 1.513(Z;,/N,,)**% (3-17)

where Zj, is in mm® m~3. Note that we used Z,/N,, instead of Z, because the
relation between Z,/N,, and D, has much less scatter than the relation between Z,
and D,. The exponent is close to theoretical value (1/7 = 0.143) which is valid for
Rayleigh scattering by spherical drops. The exponent in (3-17) is smaller because

the drops are oblate. From (3-17), we can express N, in terms of Zj and D, as,

217,

-“w — 7353
[)7.353
[

(3-18)

For radar measurements with Z;, < 35 dBZ and Z,; < 0.2 dB, we can combine
(3-16a) and (3-17) to eliminate Dy and get the relation between Z, and Z, as
Zg = aZ] where § = .136/.368 ~ 0.37. The coefficient a can be estimated easily
as & =< Zy > |/ < Z)37 > where angle brackets denote a spatial average. Fig. 3.4
shows the scatterplot of Zy,. versus Z; combining with a power-law fit to estimate
&. These data are from a stratiform rain on 15 February 1999. After estimating

&, the D, can be retrieved by using (3-16a) as,

D, = 1.68(&)"%%(Z,)%1%%: mm (3-19)
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Figure 3.4: S-POL radar measurements of Z; versus Zy from stratiform rain on
15 February 1999. The power-law fitting shows the & = 0.0403.
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Subsequently, N,, can be obtained by using (3-18).

To summarize, if radar measurements satisfy thresholds which are Z, > 35
dBZ, Z4 > 0.2 dB and K4 > 0.3 °/km, the algorithms using 8 are used to
retrieved N,,, D, and u. If Z, < 35 dBZ and Z4 > 0.2 dB, (3-16a,b) and (3-18)
would be used to retrieved D, and N,,. If Z;, < 35 dBZ and Z4 < 0.2 dB, (3-19)
and (3-18) will be used to obtain N,, and D,. The dsd shape parameter (u) is not
retrieved in the low rain rate case. We assume that dsd shape is exponential so

the p is assumed to be zero in this case.
3.1.3 Z-R Relationship

In Chapter 2 we have shown that areal rainfall estimate can improve rain
rate estimation significantly. However, there is a tradeoff. We reduce the noise by
estimating rain rate over the area, but, at the same time, we also lose spatial reso-
lution. On the other hand, the traditional rain rate estimator, such as R(Z, Z4,),
can estimate rain rate at each individual resolution volume but would be biased
by noise, measurement fluctuations and variation of mean axis ratio versus D (due
to oscillation or turbulence). The Z-R estimator is the most widely used rain rate

algorithm and can be expressed as,

Z =aR’ (3-20)

6 m=3. The Z-R relation is easy to use because

where Z is reflectivity factor in mm
it only involves power measurements; it is less affected by noise because the re-
flectivity signal is strong relative to Zg, or Kg,. However, the coefficient, a, varies
considerably mainly depending on N,. By knowing the dsd paramecters, we can

continuously adjust the coefficient of the Z-R robustly. So it may be possible to

improve both accuracy and resolution.
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The rain rate (R) in terms of the dsd model and in units of mm h™! can be

written as,
R = (0.6 x 10~°7) / v(D)D*N(D)dD (3-21)

where v(D) is the drop terminal velocity and expressed as (Atlas and Ulbrich
1977)[5],

v(D) = 3.78D%%";  ms? (3-22)

Combining the gamma dsd form shown in (3-7), the rain rate (R) becomes,

o0 D
R = (0.6 x 107°7) / 3.78D*¥" D3N, f(u)(—)“e:vp~(3.67+u)—l—)~dD
0

D, Dy
_3 467
= (0.6 x 107°m)(3.78) Ny f ()T (4.67 + 1) (3.67 + p)iori (3-23)
Therefore, the R/N,, can be expressed in terms of x and D, as,
R
2 B (DY ;
- = Fr(D} (3-24)
where Fg(p) is,
I'4.67
Fr(p) = (0.6 x 107°7)(3.78) f (1) ( 1) (3-25)

(3.67 + p)4-67+u

Similarly, the reflectivity factor (Z) is the 6th moment of dsd and can be expressed

as,

% D D
Z = / DN, f (1) (= Yrezp— (3. D
| f(u)(Do) exp (367+M)DOdD
7

= Nuf(w)T(7+ u) ; mm®m 3 (3-26)

(3.67 + p)7+w’
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The Z/N,, also can be expressed in terms of y and D, as,

NZ; = Fz(u)D] (3-27)
where Fz(u) is,
_ ST+ )
Fz(p) = (3674 p)7# (3-28)

Using (3-24) and (3-27) to eliminate D, then,

Z _ Fup) [ R ]—
Ny FR(N)TE? Nu
= a[]\%] (3-29)

where b = 7/4.67 ~ 1.5. Finally, the Z-R relationship in terms of N, is,
Z = a(N,) bR (3-30)
The coefficient of Z-R is a = a(N,,)!~® and the exponent is b ~ 1.5.

3.2 Case Study

In this section, we analyze two cases, one is a storm from TRMM /Brazil on
15 February 1999 and is the same case we studied in Section 2.3.2. The second
is a storm from TRMM/TEFLUN-B (Florida) on 17 September 1998. In each
case, we have analyzed two situations, a large area which includes all gages in the
gage network and usually includes more than 600 resolution volumes, and a small
area which is 1x1 km? with the NOAA profiler located in the center of the area.
Usually, there are 16-20 resolution volumes in the small area. The dsd parameter
set, (Ny, D,, 1), is averaged over the area under study.

Fig. 3.5 shows the scheme we use to calculate the dsd parameters for an indi-

vidual resolution volume. Fig. 3.6 shows the averaging scheme of dsd parameters.
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Figure 3.5: The flowchart of dsd parameters retrieval for individual resolution
volumes. Note that the threshold for 3 is for a small area.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



For the area including whole

gage network, n=0.1m. and nl=10
For a 1x1 km? area,

n=25m. andnl=5

is m.

Calculate mode
number of

Average Z,, ém R
D, and Ny, for those

gates whose [ are available

|

Using averaging D, and

éd, calculate |
by Eq. 3-14abcde

58

Total amount
of resolution
inside the area

Threshold is n, n1

If amount of B in
the area > n

If amount of

NO

D, >nl

Average allDo and
N,, which are available

p=0

Dsd is not available
in this sweep

/

YES

Figure 3.6: The flowchart of dsd parameters averaged over an area.

NO

If End of Sweep

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.




59

Since those radar measurements which satisfy the § threshold are stronger sig-
nals, they should better represent the drop size distribution. Therefore, if a sweep
includes sufficient resolution volumes which satisfy the 8 threshold, we retrieved
N, and D, using the § method ((3-10), (3-12abc) and (3-13abcd)). We pre-set
the sufficient number of resolution volumes as being 10% of the total resolution
volumes for the large area and 25% for the small area. In addition, the modal § is
used to represent the areal 3 for the large area, whereas average (3 is used for the
small area. For those radar sweeps where the available 3 values are not sufficient
in number, we average all available D, and N,, values directly to get the areal IV,

and areal D, with u set to zero.
3.2.1 S-band Data from Brazil

The first case we analyzed is a storm event from TRMM /Brazil on 15 February
1999. A brief description of field experiment was given in Section 2.3.2. Fig. 2.12
shows the location of the gage network. The large area which includes all gages in
the network is a polar area around 4.6x5.7 km? located north-east of the S-POL
radar. The range is from 39.97 km to 44.57 km and the azimuth angle is from
18.71° to 26.42°. Generally, each sweep over the area includes 19 rays and 31 gates
in each ray. So there are around 600 resolution volumes in a sweep. The NOAA
profiler (the circle mark) is located at the north-west corner of the gage network
and near the gage #26 (the cross mark). The small area is a polar area around
1x1 km? and has the NOAA profiler in the center. Normally, there are 2 rays in
the small area and 6 gates in each ray.

Fig. 3.7 shows three dsd parameters (V,,, D, and p) and averaged gage rain
rate (R,) versus time for the large area. There are three strong rain cells (R > 10
mm h~'). The first cell is from 4:31 to 4:56 (4.52 to 4.92 in fractions of hour) and

peak rain rate is 41.1 mm h™! at 4:49. During this period, log;oN,, increases from
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Figure 3.7: The gage rain rate and radar-retrieved dsd parameters (IV,D,,u) for
the large area on 15 February 1999 in Brazil. Note that gage rain rate (R,) is

averaged over all gages in the network within a 2-minute time interval. The N,, is
in log scale.
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3.7 to 4.1, D, varies between 1.4 to 1.6 mm with mean of 1.5 mm, and p varies
between 0 to 5 with mean of 1.8. Between the first and second cells, log,¢N,, drops
from 4.2 to 3.4 and D, varies between 1.2 and 1.5 mm with mean of 1.3 mm. In
the low rain rate regions, the corresponding Zj, is low (less than § threshold which
is 35 dBZ). Therefor, p is not available in these regions and assumed to be zero.
The second intensive cell is from 5:35 to 5:45 (5.59 to 5.76). During this period,
log1gN,, is around 4.2, D, is around 1.5 mm and p varies between -0.5 and 7 with
mean of 2.0. Between the second and third cells, log;oN,, is around 2.9 and D,
varies between 1.2 and 1.8 mm with mean of 1.4 mm. The third cell is from 6:15
to 6:43 (6.26 to 6.72). In this period, log,oN,, varies between 4 to 4.9 with mean
of 4.3, D, is between 1 and 1.5 mm and is around 1.4 mm around the peak, and
1 is between 1 and 7 with mean of 3.7.

Fig. 3.8 shows the gage rain rates compared with the Z-R relation for the
large area. The coefficient of the Z-R relation is based on N,, and pu (see (3-30)).
The N, is averaged over the large area. After obtaining the coeflicient of the
Z-R relation, we calculate rain rate for each radar resolution volume, and then
compute the average rain rate for the whole area. Fig. 3.8 shows that the radar
rain rates agree with gage rain rates very well except an underestimate near the
peak. Fig. 3.9 compares the cumulative rainfall; the cumulative error (CE) is
15.37% underestimate.

Fig. 3.10 and Fig. 3.11 show the comparison of radar retrieved dsd parameters
and profiler retrieved dsd parameters for the small area. The profiler dsd parame-
ters are estimated by two different methods (Williams, personal communications),
the statistic method (refer as ”stat”, the plus marks) and single Doppler spectrum
(refer as ”sds”, the diamond marks). In addition, profiler dsd parameters are aver-
aged over the three lowest heights (411 m, 621 m and 831 m) and over a 3-minute

interval. We find that the radar and the profiler (especial the sds method) agree
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Figure 3.8: The gage rain rate (R,) and R(Z,) versus time for large area on 15
February 1999 in Brazil. The coefficient of R(Z},) is based on averaging N, and
then the rain rate is calculated for each resolution volume.
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Figure 3.10: The radar retrieved N,, and profiler retrieved N,, for the small area

on 15 February 1999. The profiler N,, is averaged over the three lowest heights
(411 m, 621 m and 831 m) and over a 3-minute interval.
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Figure 3.11: As in Fig. 3.10 except for D, and pu.
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Figure 3.12: (a) The amplitude of Z,, gradient at 4:30 {(UTC) on 15 February 1999.
The white dot is the location of profiler. (b) As in (a) except that time is 5:24
(UTC).
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with each other most of the time except from 5.8 (5:48) to 6.2 (6:12) and after 7.0
(7:00). Fig. 3.12a and b show the amplitude of the Z, gradient when radar and
profiler generally agree with each other (at 4:30 and 5:24 UTC). We found that
there are no high gradient areas near the profiler (white dot mark) . On the other
hand, Fig. 3.12¢ and d show the amplitude of Z, gradient when radar disagrees
with profiler. At 6:10 UTC, profiler is located within a high gradient region (25-30
dBZ[km). At 7:02, the profiler is located near the edge of low gradient region
and very close to a high gradient region. Since radar area and the profiler area
may be mismatched, the high Z, gradient may lead to the deviation between radar
and profiler. In addition, high Z, gradient will increase radar measurement error
due to the antenna pattern (e.g. the mainlobe points to a low Z, area but the
sidelobe points to high Z, area). Therefore, we suspect that the high Z, gradient
may be the reason for the disagreement between radar and profiler retrieved dsd
parameters.

Fig. 3.13 compares gage rain rate with R(Z,) whose coefficient is based on
averaging N,, and p over the 1x1 km? area. The result shows the R(Z,) generally
agrees with gage rain rates except that the peaks are underestimated (especially on
three main peaks). Since the antenna beamwidth of S-POL is 0.91° and gage #26 is
43.5 km away from radar, the radar sensing area is around 690x150 m? and is much
larger than the area that the gage can represent. So radar would tend to average
down the peak rain rate especially near the small rain cells. Fig. 3.14 shows the
comparison of rain accumulations; the cumulative error is 43.3% underestimate.
The large underestimation, as expected, is mainly due to underestimation of the

three peaks.

3.2.2 S-band Data from Florida

During 1 August to 30 September 1998, a field experiment known as TRMM/TEFLUN-
B was held in Florida. Surface-based facilities for TEFLUN-B include the Mel-
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Figure 3.13: Gage rain rates compare with R(Z;) on 15 February 1999. Note that
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coordinates.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



71

bourne NEXRAD, the NCAR S-POL and NOAA AL Profiler system. The S-POL
radar was located at 27° 53’ 21.6” North and 80° 44’ 44.16" West. There were two
groups of gages operating during the field campaign. The rain gages were tipping
bucket type, and offer rain rate and accumulative rain every minute. One group
was located at the Kennedy Space Center (KSC gage network). The other group
was located north-west of S-POL near Hollopaw, Florida (refer as "DRGN”-dense
rain gage network; or ”TFB”). The case we analyze in this section involved gage
data from DRGN. Fig. 3.15 shows the location of gages (cross marks) in DRGN,
location of NOAA profiler (circle mark) and the area under study (both large and
small polar areas). The gage # 101 is located very near the profiler. The azimuth
angle of the large area is from 305.17° to 318.14° and usually includes 19 rays. The
range of the large area is from 34.22 km to 42.06 km and includes 52 gates in each
ray. So the large area is around 7.8x8.6 km? and includes around 988 resolution
volumes. The small area is a 1x1 km? polar area, and includes 2 rays and 6 gates
for each ray. So the small area usually involved only 12 resolution volumes.

On 17 September 1998, a storm was moving into the south-west of S-POL at
17:00 (UTC). This system moved to the north-east along the azimuth angle sector
of 210°-30°. The radar image can be found at the UCAR website!. Fig. 3.16 shows
the averaged gage rain rate and three dsd parameters (NV,, D, and u) averaged
over the larger area. There are two strong rain cells (R > 10 mm h™!), the first
occurring at 19:08 (19.15) to 19:34 (19.58). The peak gage rain rate is 47.72 mm
h~! at 19:16 (19.28). During this period, N, is around 4.7 in log scale, D, is
around 1.6 mm from 19:08 to 19:24 and then gradually reduces to 1.4 mm, and pu
varies between 0 to 4 with mean of 2.05. In between the two cells, IV,, reduces to

around 3.7 in log scale, D, varies between 1.1 and 1.3 mm with mean of 1.2 mm

'http://www.atd.ucar.edu/rsf/PRECIP98/quicklook/spol_p98.htm
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and u is zero as default value because Z,, is less than threshold. The second rain
cell occurs from 20:20 (20.35) to 21:24 (21.41). The peak rain rate is 30.58 mm
h~! at 20:48 (2.81). During this period, N,, is around 4.7 in log scale, D, varies
between 1.3 to 1.45 mm with mean of 1.36 mm, and u varies between 0 to 6 with
mean of 2.9. After 21:24, N,, reduces to around 3.6 in log scale. At the same time,
D, reduces form 1.4 to 1.15 mm, and then increases to 1.7 mm at 22:18 (22.31).
After 22:18, D, gradually reduces to 1.35 mm. As expected, p is zero as default
value because of low Zj,.

Fig. 3.17 shows the comparison of average gage rain rate (averaging over all
gages and over a 2-minute interval) with R(Z}) for the large area. As in the Brazil
case, the coeflicient of R(Z},) is based on averaging NV, and u over the large area.
The R(Z),) generally agrees with gage rain rate except near the peaks. Fig. 3.9
shows the cumulative rain comparison; the cumulative error is 27% overestimate.

Fig. 3.19 and Fig. 3.20 show the radar-retrieved dsd parameters compared
with the profiler-retrieved dsd parameters for the small area. The results show
that the radar retrievals of the dsd generally agree with profiler dsd (either sds or
stat method). There are two time intervals where the radar significantly disagrees
with the profiler (both sds and stat method). The first portion is from 21:00
to 21:45 and the second one is after 22:00. As we did for TRMM /Brazil case,
we examine the amplitude of the Z, gradient at these times. Fig. 3.21a,b show
the amplitude of Z, gradient at 19:31 and 20:30 when radar dsd agrees with the
profiler. In both figures, the profiler is located near relative low gradient areas.
Fig. 3.21c,d show the amplitude of Z, gradient at 21:29 and 22:15 when radar
retrieval disagrees with the profiler. At 21:29, the profiler is located at the edge of
a high gradient region. At 22:15, the profiler is located near a high gradient region.
These results are similar to the TRMM /Brazil case. They support our hypothesis

that Z;, gradient can lead to mismatch between radar and profiler retrievals.
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Figure 3.21: (a) The amplitude of Z, gradient at 19:31 (UTC) on 17 September
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Figure 3.22: Gage rain rates compare with R(Z) on 17 September 1998. Note
that the coefficient of R(Z}) is based on averaging N, and u over a 1x1 km? area.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



80

70 T T | T ! ! T
The CE = -8.5% .
60
-
£ 50+
£
3 /' /| Z-Rrelation based on
& Gage e f individual Z
3 [
c
'z |
30 L f
T ="
s -
E
< 2Ar
0
0
q
101
0 | ] ] 1 1
19 20.5 21 215 22 225

Time in fractions of hour (UTC)

Figure 3.23: As in Fig. 3.22 except for cumulative rainfall.

7R7ebfoduced with permission of the copyright owner. Further reproduction prohibited without permission.



Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

81

Fig. 3.22 shows that the gage rain rates compare with R(Z,) whose coefficient
is based on N,, and u averaged over the 1x1 km? area. The Z-R agrees with gage
rain rate very well except for a slight underestimate near the peaks. Again, the un-
derestimate near the peaks may be due to radar beam smoothing. Fig. 3.23 shows

the cumulative rain comparison with the cumulative error of 8.5% underestimate.

3.3 Summary

In this Chapter, we evaluated a method to retrieve dsd parameters (N, D,
and p) from the radar measurement set (Z,, Z, and Ky,) based on Gorgucci
et al. (2001, 2002)[18, 14]. The method includes two parts. For those radar
measurements which satisfy the threshold (Z, > 35 dBZ, Z; > 0.2 dB and
Kap > 0.3 °/km), we estimate 3 by using (2-23) first, and then estimate Dy by (3-
10) and (3-12abc), N,, by (3-13abcd). The p is estimated by using area averaging
D, & and area mode of 3 in (3-14abcede). For those radar measurements which
do not satisfy the threshold, we assume that u is equal to zero. The D, is estimated
by using (3-16a) (Z4 > 0.7 dB), (3-16b) (0.7 > Z4 > 0.2 dB), or (3-19) (Z4 < 0.2
dB and Z,, > 0 dBZ). N, is estimated by applying D, and Zj, in (3-18).

After retrieving the dsd parameters from radar measurements, we can calcu-
late the coeflicient of the Z-R relation for a area by applying averaged N, and
. Since the coefficient of the Z-R relation is estimated as an areal average, the
noise and measured fluctuation could be averaged out. Moreover, we can calculate
the rain rate at each individual resolution volume by applying this coefficient to
a simple Z-R power law. Therefore, we gain not only the advantage of an areal
rain rate algorithm but also keep the high spatial resolution. In addition, the fixed
Z-R relation can cause severe bias because the fixed coefficient is not suitable for
different rain types. The N,-u based Z-R relation proposed in this chapter can

overcome this problem because its coefficient can be adjusted continuously and
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robustly. Therefore, the N,-u based Z-R relation not only offers the simplicity of
the usual Z-R relation but also can account for changes in rain types.

To validate our methodology, we analyzed two storm events, one from TRMM/LBA
(Brazil) on 15 February 1999 and the other from TRMM/TEFLUN-B (Florida)
on 17 September 1998. In each case, we retrieved dsd parameters from a large
area which includes all gages in the gage network, and from a small area which
is 1x1 km? with the NOAA profiler at the center. For the large area, we com-
pared the dsd parameters and N,-u based Z-R relation with averaged gage rain
rate (averaging over all gages and over a 2-minute interval). The dsd parameters
seem to be quite reasonable and the two rain rates agree with each other very
well (error less than 15.4% for the worst case). For the small area, we compared

- radar-retrieved dsd parameters with profiler-estimated dsd parameters. The re-
sults show that radar generally agrees with profiler (either sds or stat method).
In the time interval when radar disagrees with the profiler significantly, we found
that the profiler was located in a high Z;, gradient area or very close to a high Z,,
gradient area. The high Z) gradient may cause the disagreement between radar
and profiler. We also compared the N,-u based Z-R with gage rain rate. These
two rain rates agree with each other most of the time except for underestimate
in the peaks. In the TRMM/LBA case, the error is large (-43.3%) because the
radar values were smoothed by the beam in the strong rain cells. Since there were
no such sharp rain cells in the TRMM /TEFLUN-B case, the error for the Florida
case is small (-8.5%). Overall, the radar dsd parameters are very reasonable and

the accuracy of N,-u based Z-R relation is acceptable for practical applications.
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Chapter 4

DROP ORIENTATION AND CANTING ANGLE

In Section 3.1.1, we discussed one of the statistical properties of precipitation
which is the drop size distribution (dsd). Other statistical properties are orienta-
tion and shape distributions. Basically, the drop shape is oblate spheroidal and
the equilibrium shape is defined by the balance of drop surface tension ,gravity and
aerodynamic forces (Green 1975; also see (2-19))[19]. However, falling raindrops
exhibit steady state oscillations. There are two fundamental modes of oscilla-
tions, namely, the axisymmetric mode and the transverse mode. Fig. 4.1 shows a
computer generated oscillation sequence for a 5 mm drop. The lower right panel
shows the equilibrium shape, the two black panels show the transverse mode, the
two white panels show the axisymmetric mode, and the four grey panels show
multi-mode oscillations (mixture of the two fundamental modes). Since the hori-
zontal and vertical polarization states of the radar transmitted wave are lined up
along the major and minor axes of the oblate drop in the axisymmetric mode, the
symmetry axis of the drop does not exhibit any orientation distribution. However,
the transverse mode as well as the multi-mode oscillations will exhibit an orien-
tation distribution with non-zero mean. This kind of orientation distribution is
different from the orientation distribution due to turbulence which is known to be
Gaussian distribution with zero mean and standard deviation less than about 5°

(Beard and Jameson 1983)]8].
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Figure 4.1: A computer-generated oscillation sequence. The lower right black panel
is the equilibrium shape of a 5 mm drop, two other black panels (the diagonal
panels) show the transverse oscillation mode, two white panels (upper right and
lower left) show the axisymmetric oscillation mode, and the four grey panels show
the mixed oscillation mode. Courtesy of Prof. Ken Beard, University of Illinois.
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Figure 4.2: Equilibrium drop shape for drops of diameters 1-6 mm. From Beard
and Chuang (1987)(7]

Fig. 4.2 shows the equilibrium drop shapes for diameters from 1-6 mm. If
drops fall at their terminal velocity without wind shear or turbulence present,
they will tend to be flat at the bottom with symmetry axis vertical (Beard et al.
1983)[8]. From Fig. 4.1, it is obvious that bottom planes of drops oscillating in the
transverse mode or multi-mode are not parallel to the ground. It means that such
drops will produce some orientation distribution in the 6 direction with non-zero
mean. Therefore, the canting angle distribution would be quite different from the
usual Gaussian which is mainly due to turbulence. The polarization dependent
radar parameters such as Z,., LDR, K, and so on are functionals of the canting
angle distribution as well as the drop size distribution (dsd). Different canting
angle models will impact the relation between those parameters as well as those
algorithms using polarization dependent parameters. Therefore, it is important to
understand the mechanism of drop orientation and corresponding radar observa-

tions. In this chapter, we will start from the relationship between drop orientation
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and canting angle distribution, and then, compare different algorithms to estimate
the standard deviation of the canting angle distribution. We will also try to develop
a scheme to classify different canting angle models which arise due to turbulence

or multi-mode oscillations.

4.1 Simulation of Canting Angle Distributions

Fig 4.3a,b illustrate the geometric relation between an axisymmetric target
and the incident wave launched by the radar. Panel (a) of Fig 4.3 shows the
segment OZ which is the local vertical and segment ON which is along the spheroid
symmetry axis. The orientation of the axisymmetric target can be described by
two angles, 8, and ¢,. Note that subscript b refers to "body”. The unit vectors
(ﬁi,@i,fci) with origin Q are used to describe the polarization state of the incident
wave launched by radar. The incident wave is assumed to propagate in the XZ
plane along the -X direction. The shaded area represents the polarization plane
of the incident wave. From panel (b), ¥ is the angle between k; and ON, and
0; is the angle between segment OZ and k; (see Fig 4.3b). Note that 6; can
be related to the conventional radar elevation angle (6; = 90° means horizontal
incidence and 6; = 0° means vertical incidence). Segment QT is the segment ON
projected on the polarization plane, and segment QV is segment OZ projected on
the polarization plane. The canting angle, 3, is the angle between QV and QT.

Since k; lies in the XZ plane (with ¢; = =), it is possible to derive the following

expression for k;, 9; and h;;

k; = —sin 0,Z + cos 0,2 (4-1a)
hi = —j (4-1b)
?A)i = —COS 01.'2‘ — sin 022 (4—1C)
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Figure 4.3: (a) The geometric illustration of drop orientation adapted from Holt
(1984)[22]. The spheroid symmetry axis is oriented along ON. The incident wave
propagates along -X direction on XZ plane. k; is the incident wave vector which
is orthogonal to the polarization plane (shade area and construct by & and 0). (b)
The polarization plane is moved to the origin of body coordinates (X, Y and Z).
Note that QT is ON projected on polarization plane.
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The unit vector along the segment ON is,
ON = cos ¢p Sin 0,2 + sin ¢y sin B,7 + cos 6,2 (4-2)

From Fig 4.3 and applying (4-1a) and (4-2), the relation between the drop orien-

tation angle and the canting angle can be expressed as (Holt 1984)[22],

cos Bsin¥ = cosf,sinb; + sin G, cos §; cos ¢, (4-3a)

sin fsin¥ = sinfysin ¢, (4-3b)
For horizontal incidence (6; = ), (4-3a,b) can be combined into,
tan 8 = tan 6 sin @, (4-4)

Equation (4-4) is the simplified relation between orientation angles (6, and ¢,) and
canting angle (5). This equation will be applied to simulations performed in this

chapter.
4.1.1 1-D Distribution to Distribution over a Spherical Surface

Traditionally, the effects of scattering by a precipitation target is described by
the scattering matrix (van de Hulst, 1950; Saxon, 1955; also see Section 1.1.2 in

this thesis)[55, 46]. Holt (1984)[22] has shown that the scattered electric field can

be expressed as,

[ Ey ] _ [ Sy cos? B+ Syy sin? B (S11 — Sa2) cos Bsin 3 ] [ Ej, ] exp(jkor) (4-5)

Es - (511 - SQQ) COS,BSiIl ﬂ S11 sin2 ,8 + 522 COS2 ﬂ qu) r

where 511,29 are the principal plane scattering amplitude elements and (3 is the
canting angle (see Fig. 4.3). Theoretically, Sij 92 can be computed by using the T-
matrix method, Rayleigh approximations or Mie solution depending on axis ratio

and drop size parameter. For an assembly of scatterers, the elements of scattering
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matrix should be integrated over drop size distribution (dsd) and drop orientation

distribution as,

Shh = /ODmM /Q(SH COS2 ﬁ + 522 sin2 ,B)N(D)pﬂ(eba ¢b)dDdQ (4'6)

where pq is probability density function (pdf) of 6, and ¢, defined on a spherical
surface, Q is solid angle and d) = sin 8,d0,d¢,. Note that § and ¥ are functions
of 6, and ¢, (see (4-3a)).

Since there is no evidence showing that 6, and ¢, are related to each other
or that ¢, will tend to any special angle, we usually assume that the distributions
of 8, and ¢, are independent and that ¢, is uniform from 0 to 27. Therefore, the

integral of pq is,

| pa0y, )2 = | Poa(O)pen(ss) sinOdBsdg,
= /‘9 /¢ Do (06)Pe(ds)dOsdds (4-7)

From the equations above, we can directly get,

pea(0y) = 1;(1)1(1091],,) (4-8a)
o) = Po(os) (4-8b)

Holt (1984)[22] and Jameson (1987)[28] also show a similar result as above. In the
following simulation, we will study the relation of canting angle (3) and orientation
angles (6, ¢) by combining (4-4) and (4-8a,b).

Based on turbulence theory, Beard et al. (1983)[8] have shown that the dis-
tribution of tan 8 is Gaussian with zero mean and og < 5° and can be expressed
as,

1

p(B) = co5? pamol, ;)17 exp(— tan® ﬂ/(2a§)) (4-9)
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Note that the exponent of this equation was corrected by Metcalf (1988)(38]. For
small og, the difference between Gaussian distribution of 3 and Gaussian distri-
bution of tan § is very small. So most researchers assume that the canting angle
distribution due to turbulence is Gaussian. In order to 1) correctly separate the
shape effects and orientation effects and 2) clearly describe the canting angle dis-
tribution for a nonzero elevation angle, we have to know not only the distribution
of 3 but also the distribution of the orientation (6, and ¢,). By assuming that
the distributions of 6, and ¢, are independent, and ¢, is uniform distribution in
(0,27), Metcalf (1988)[38] and Jameson (1987)[28] have shown that a Gaussian
distribution of 8, on a spherical surface will give a Gaussian distribution of g with
op = 0.

Fig. 4.4 shows the results of simulations to show the relation of canting angle
(B) and orientation angle (6,; ¢ is uniform distribution in (0,27)). In these sim-
ulations, we first simulate 8, which is Gaussian distribution on a spherical surface
(pa(fy) is Gaussian with zero mean). Second, we simulate a uniform distribution
for ¢. By applying (4-4) we can compute 3 from 6, and ¢,. The results show that

op is very close to oy in agreement with Metcalf (1988)[38] and Jameson (1987)(28].
4.1.2 Relation between Fisher Distribution and Gaussian Distribution

As we discussed in the previous section, the Gaussian distribution is most
commonly assumed to describe the orientation distribution. This description is
an approximation and is only good for small oy. Bringi and Chandrasekar (2001,
Chapter 2.3.6)[9] suggested that the Fisher distribution function may be the best
way to describe the distribution of orientation angles on a spherical surface. The
Fisher distribution function (Mardia, 1972){33] is given by,

Kk sin @y

n[cos 0y, cos 8, +sin Gy, sin 8, cos(d)b—q_&b)] 4-10
47 sinh (k) ¢ (4-10)

9(0p, ¢3) =
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Figure 4.4: (a),(b) Computer simulation to express the relation between canting
angle () and orientation angle (6,). The distribution of 6, on spherical surface
(pa(bs)) is Gaussian with zero mean and op = 5°. Panel (a) is the normalized
histogram of 6, (bar) compared with PDF of 6, (p(6s); solid line). Note that
p(0s) = pa(fh)sinb, (also see (4-8a)) and distribution of ¢, is uniform in (0,27).
Panel (b) is normalized histogram of § (bar) compared with Gaussian PDF (solid
line). The standard deviation of §is 5.02°. (c),(d) Same as (a),(b) except g5 = 25°
and o3 = 25.66°.
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where 8, and ¢, are the mean of 8, and ¢, and & is the shape parameter. If 8, is

symmetric about the vertical, then 0, is zero, and (4-10) becomes,

Ker cos /73

47 sinh(k)
— _H______ —k(1—cos 8y) 4-11
2m(1 — e~2%) ¢ (+-11)

9o (0, ds)

For Gaussian distribution of 8, on a spherical surface, the PDF form should be,
9 \2
pa(th) = Ce%) (4-12)

where C' is normalization factor. We use C instead of the standard Gaussian nor-
malization because 6, is physically limited in the (0,7/2) interval. Since Gaussian
distribution of #, with small oy on a spherical surface will lead to Gaussian distri-
bution of 3 on the polarization plane, it means that the Fisher distribution should
be very close to the Gaussian distribution when oy is small. If (4-11) and (4-12)

are equal, the exponents should be the same. So the relation between k and oy is,

0y
_ 4-1
g 2(1 — cosby)oa (413)

Since 0y is small and (0,204) interval will contribute more than 95% probability for
Gaussian distribution, we found that 7 /(1 — cos 6,) is almost constant (between 2
to 2.0832 with mean equal to 2.0285) for 6, in (0°,40°) interval (see Fig. 4.5). For
op < 20°, we can set 67 /(1 — cos ) ~ 2.0285 and the relation between  of the

Fisher distribution and oy is,

12,0285
T 02

(4-14)

Fig. 4.6 compares the Fisher distribution and Gaussian distribution on a spher-
ical surface with oy = 5, 10°, 15° and 20° by applying (4-14). The Fisher distri-

bution form is given by (4-11) and is the grey-bold-dash line in the figure. The
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Figure 4.5: 6;/(1 — cos8,) versus 6,. The dash line is the mean value and is equal
to 2.0285.
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Figure 4.7: The normalized error (NE) between the Fisher distribution and the
Gaussian distribution. The NE is less than 5% when oy is less than 20°.
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black-thin-solid line is p(#,) = pa(6s) sin, where po(6) is Gaussian form given
by (4-12). Fig. 4.7 shows the normalized error between Fisher distribution and
Gaussian distribution on a spherical surface (p(6y)). The normalized error (NE)
was defined in (2-31a) in Chapter 2.3.1 in this thesis. The normalized error is less
than 5% when oy is less than 20°. Actually, NE is never greater than 8%. So
(4-14) can hold even when oy is great than 20°. To summarize, the Gaussian form
is a very good descriptor to describe drop orientation over a spherical surface if

oy < 20°.
4.1.3 Holt’s Distribution

Holt (1984)[22] studied the distribution of canting angles and performed angle
integrations over canting angles. He suggested a way to describe the distribution

of orientation angles (6, and ¢,) on a spherical surface as,

r
1 + A2?[cos B, — cos Oy)?
A
tan~' [A(1 — z,)] + tan™' [A(1 + z,)]

(4-15)

' =

where x, = cosfy and A is the shape parameter to control the width of the
distribution. Fig. 4.8 shows A(#) versus 6, with A = 1000, 100 and 10. The peak
value of A(f;) locates at 6, = 6y and the distributions are more narrow when A
valuesl are larger.

In order to better understand the relation between orientation distribution
and canting angle distribution, we performed a series of simulations. We fixed A
equal to 1000 and changed 6y from 1° to 10°. Since the Holt distribution function
is not a common PDF such as uniform, Gaussian or Gamma distribution, it is
difficult to generate random variables with this distribution directly. We know

that any curve can be approximated as combination of many flat segments. First,
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Figure 4.8: The distribution function of 6, as suggested by Holt (1984). The 6y is
5% and A = 1000, 100 and 10.
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Figure 4.9: Computer simulations for orientation angles (6,) and canting angles (3)
for different 6. The A is fixed at 1000. Note that § is close to narrow Gaussian
distribution when 8, is close to 0° (6, = 1°), and becomes bi-modal when 8
becomes larger (6, = 10°).
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we divide (0,7) into 1000 equal space intervals, and then covert Holt PDF to PMF.
Second, we find the lowest and highest truncated points, 0y min and 6 mes, Whose
probabilities are 1/N where N the total amount of data points. Once again, we
divide (0pmin — 0.001,0p mar + 0.001) into 3000 equal space intervals and convert
from Holt PDF to PMF. From Holt PMF, we calculate total amount of data
points in each interval and let those data points be distributed uniformly in the
interval. Finally, we redistribute all data points randomly. So s are pseudo-
random variables with Holt PDF. After obtaining 8, and ¢, which are uniform
distributions, we can compute 3 and o5 using (4-4). Since s are pseudo-random,
they agree with theoretical values very well. The calculated o4 is stable and should
be very close to its theoretical value.

Fig. 4.9 shows the results. The canting angle distribution is close to narrow
Gaussian with zero mean (o3 = 2.74°) when 6y is close to zero (1°). It becomes
a rectangle distribution with zero mean (o3 = 2.90°) when 6y = 3°. Finally, the
canting angle distribution becomes bi-modal with symmetry along 0° (05 = 7.16°)
when 6, is large (10°). We will use last case with 6y equal to 10° to test the impact

of non-Gaussian distributions on different radar-based canting angle estimators.

4.2 Canting Angle Estimation Using Radar Data

Since drop orientation can affect dual-polarization radar measurements signif-
icantly, it is important to develop a good algorithm to estimate the drop canting
angle. In this section we discuss two canting angle estimators proposed by Hendry
et al. (1987)[20] and Ryzhkov (2001)[42]. Moreover, we propose a new algorithm

based on the asymmetric ratio (A,,; Kwiatkowski, 1995)[31].

4.2.1 ps Method

In order to study the impact of canting angle on radar observation, Hendry et

al. (1987)[20] started with the complex voltage induced at the right-hand circular
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port of a dual-circular radar. By applying basis transformations (see Chapter 1), it
is possible to derive the cross-polar scattering matrix element (S;,) as a function of
the slant linear polarization state as (also see Chapter 6, Bringi and Chandrasekar,

2001)[9],

(150 = SR (14 gy cos(as, - ag) (1-16)

where 7. is back scatter cross section, v can be related to circular depolarization
ratio (CDR) as CDR = {n,|v|*)/{n.) and ¢ is related to orientation angle (¥) as
U = (1/4 — ¢) (see Fig. 4.3). The p, is an important quantity directly related to

the canting angle distribution and defined as

pu= [ cost(p = Gu)pls ~ B)d(B - ) (817

-
where (3, is mean canting angle, p(3) is pdf of canting angle and is assumed to be
symmetric along 3,. The advantage of using p, is that p4 is measurable. From (4-
16), we can calculated p4 by measuring maximum and minimum of the cross-polar

power (FP,;) as,

(Pcr)maz — 1 + P4
(Pcr)min 1-—- /’4

(4-18)

In practice, we can measure the 3x3 covariance matrix in (H,V) basis and then
use (1-17) and (1-18) by setting ellipticity angle, 7 = 0°, for linear polarization.
After rotating the basis (changing tilt angle), we can get maximum and minimum
cross-power. For a Gaussian canting angle distribution, p4 is a function of standard

deviation of canting angle (og) as,
ps = exp (—803) (4-19)

Hendry et al. (1987)[20] also show that p, is not very sensitive to the form of
the distribution of canting angle. Therefore, (4-19) can also be applied to a non-

Gaussian distribution which is symmetric along 3,.
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Instead of rotating the polarization basis, there is a simple way to estimate
ps. The 3x3 covariance matrix, X,, measured in (H,V) basis is given in (1-16).
Since we are considering a linear basis, the polarization ratio, x, can be simplified

by setting 7 = 0° in (1-10a,b) and expressed as,

sin 26,

=" 4-20
X 1 + cos 26, ( )

Insert (4-20) into (1-17), the transformation matrix, T, can be simplified as,

2
1 La H(%)

T(X)lr=oe = | ~%22a b—1 %La (4-21)
3E) —%a b

where a = sin 26, and b = 1 + cos 2¢,. By using basis transformation (see (1-18)),

the cross-polar power is proportional to ¥'(2,2) which is expressed as,

’ 1 * a2 %
2(2,2) = a%(|Sml*) — a(b — 1)(ShShn) — 5 (SvwShn)

—a(b— 1)(SknShy) + 2(b — 1)(|Shl*) + a(b — 1){S0uSy,)

2
1
~ 5 (SmSi + alb = 1(SwSi) + 5 (St (4-22)

Since ¢ is uniform distribution between 0° to 360°, the distribution of canting angle
() should be symmetric about 3, = 0° no matter what the distribution of 8, is.
In this case, the minimum cross-polar power should be at 8; = 0°, and maximum
cross-power at 6; = 45°. Therefore, the minimum and maximum cross-polar power

expressions reduce to,

(Po)min < Z(2,2) =00 = 2(|Sho|?) (4-23a)

(Padar % Z 2 Dlos = 5(Sual)+ 58wl = Re[(SmiS5)]  (4-230)
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From (4-23a,b), we find that co-cross correlation coefficients do not affect p, esti-
mation if mean canting angle, 3,, is zero. However, we should be very careful in
using the simplified formula of (4-23a,b) because the tilt of the radar antenna could
effectively produce an extra canting angle (Huang et al., 2001)[24]. In this case,
the mean canting angle will not be zero and the simplified formula is no longer

true.
4.2.2 Ryzhkov Method

Ryzhkov proposed a different method to estimate the mean canting angle
and standard deviation of canting angle from the covariance matrix (Ryzhkov
2001)[42]. He started with a single drop oriented as in Fig. 4.3. By applying

Rayleigh scattering, the scattering matrix in (H,V) basis can be expressed as,

g — (fo— fo)sin? Usin? B+ f, (f, — f5)sin® Usin Bcos B 194
T (fa— fo)sin? UsinBeos B (fo — fo)sin® Ucos? B+ fp (4-24)

where f, is the scattering amplitude when Eiis parallel to symmetry axis and f;
is the scattering amplitude when Eiis perpendicular to symmetry axis. Although
this equation is based on Rayleigh scattering, it holds upto 35 GHz for oblate
drops when ¥ > 80°. Since drop shapes and orientations are assumed to be
independent, we can treat f,, and orientation angle (¥ and ) separately. For

example, the (|Sys|?) can be expressed as,

(USml®) = (Ifa— fl?)(sin* ¥sin® B) + (| fo]?)
+2Re [((fo — fo) )] {sin® ¥ sin® ) (4-25)

If the angle (¥) is not close to zero (actually W is close to 90° for low elevation an-
gles) and angle distribution is not large (less than 30°), the orientation distribution

is assumed to be 2-D Gaussian shape and the pdf is,

R R e (25
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where 05 = o/ sin (¥). Those angle moments can be expressed as,

(sin” B) = (1~ rscos2(B)) (4-27a)
(sin? B) = g- %rchSZ(ﬂ)-l—%récoséL(ﬁ) (4-28a)
(sin® ¥) = %(1—1”0082(\11)) (4-29a)
(sint ¥) = g - %rcos2(\11) + %r‘l cos 4(T) (4-30a)

where r = exp (—20?) and 75 = exp(—203). Using ensemble form of Rayleigh
scattering and angle moments shown above, Ryzhkov was able to calculate the

mean canting angle as,

- 2|(ShnShov)n]
KﬂH ~ <|Shh|2>n-<'5vv|2>n
2|pon| (1dr)'/?
1-¢&'

where ”n” in subscript denotes normalization by a factor of (|fy|?), and p, is the

(4-31)

co-cross correlation function for a horizontal incident wave.

Based on (4-31), a more accurate formula can be obtained through simulations.
In these simulations, the mean axis ratio model suggested by Pruppacher-Pitter
(1971)[41], dsd model suggested by Ulbrich (1983)[54], fixed mean canting angle,
() between 84° to 96°, and o between 0° and 30° were used. The more accurate

formula is,

| pan| (1dr) /2
1-¢,!

Using this equation, Ryzhkov stated that this mean canting angle estimator is

(8)] = 1.87 (4-32)

almost unbiased with standard deviation around 6% when mean canting angles

are within 0° to 6°.
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Using the same approach, Ryzhkov also found that he could estimate og
without using |p,4|. The ratio of (Idr'/2)/(1 — &) is only determined by rg,

if |(8)| < gs. Based on the same simulations, the ratio is,

ldr 1—-r}
m - 005 ’]‘2
dr 8

(4-33)

This standard deviation of canting angle estimator is also unbiased when o5 > 8°.
4.2.3 Asymmetric Ratio Method

In this section we will propose a new algorithm to estimate standard deviation
of canting angle based on asymmetric ratio (A,,) with the assumption that the
mean canting angle is zero. The A, was proposed by Kwiatkowski et al. (1995)[31]
and was defined as the ratio of two eigenvalues of the Graves power matrix (G).
When the symmetry axis of an oblate drop is aligned along the horizontal or

vertical axis of the polarization plane, the back scattering matrix (S°) is,

go — [gﬁh OS ] (4-34)

The Graves power matrix is defined as,

GO — SO*SO
_ | ISP 0
= |5 Y (459
If the drop has canting angle 3, the back scattering matrix becomes to,

S =R7IS°R (4-36)

where R is rotation operator defined as,

sin 3 cosf

R:{cosﬂ ~sinﬂ] (4-37)
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and then the Graves power matrix is,
G=S'S=R'S*S’R=R'G°R (4-38)

Obviously, the diagonal terms of G° are the two eigenvalues of G. Therefore, the

asymmetric ratio can be expressed as,

|Shnl?
Gy = SZP (4-39a)
Ay = 10log (asy) (4-39b)

Comparing (4-39a,b) with the definition of Zy., the asymmetric ratio is Zg in
the absence of canting angle. Following Kwiatkowski et al., Huang (1997)[23] has
shown that the asymmetric ratio can be calculated from the power matrix which

is,

1 b
P = [bz CLQ}
1 ldr
= [ 1dr fd_l :l (4—40)

The two eigenvalues of the Graves power matrix is,

2, 2
\ = (1+2b —l—a)i
2
\/(1 + 202 + a2)? — 4[a? + b% + a?0? + b* — B2(1 + a)?]

2

(4-41)

Moreover, Huang (1997)[23] also showed that one can roughly estimate the stan-
dard deviation of canting angle by comparing A, — Zy, with LDR.

Since asymmetric ratio (A,,) is the version of Z,. without canting angle, the
relation between these two parameters should contain useful canting angle infor-

mation. We start with (4-36) and do the matrix multiplication. The diagonal
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terms of the back scattering matrix of an oblate drop with canting angle 3 can be

expressed as,

Spn = Sp), cos® B+ 52, sin? B (4-42a)

Sew = 8P, sin® B+ 52, cos® 3 (4-42Db)

Because the shapes and orientations are independent, the differential reflectivity

factor (€4, = 10%1%a) for an ensemble case is,

S 2
fdr l hhlz
‘val
(152,|2) (sin*B) (ShnSeu) | {cos? Bsin? B)
L+ 55, (eosp) T 2H0€ [ 153, |~ (eost ) (43
(sinB) | (|S2,1%) (52,523} | (cos? Bsin? )
ostpy T Usg,my t20e [<i§§h|2>} (cos'B)
This equation includes two angle moment operators. The first one is,
(sin*8)  ((1— cos?p)?)
{cos?B) (cost ()
1 2
= ol By (4-44)

(cost 3) (cos*B)

If § is narrow Gaussian distribution with zero mean, (cos* 3) should be close to

one. The (4-44) becomes,

(sin'B) (cos® B)
(cost By —2 (cos? 3) -1
= 97 (4-45)

The second angle moment operator is,
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(cos? Bsin® B)  (cos? B(1 ~ cos? B))
(costp) {cos* B)

(cos” B)

(cos* )

T

(4-46)

Finally, (Sp,S52)/(|S2,|?) should be close to R, for a zero mean canting angle
distribution. The R,, is co-co correlation and is normalized by |Sy,|?. Combining

with two angle moment operators, (4-43) is simplified as,

1 —2x(as) " + 22(Re[R))

. = 4-47
S = o T (ay) T+ 22(RelReo) (4-47)
We can calculate z easily as,
1— & (agy)™
= ar (acy) (4-48)

B 2(_&1? + Re[Rco]gdr + (asy>_1 - Re[Rco])

The angle moment operator, z, can be expressed in terms of o5 and mean canting

angle as (Ryzhkov, 2001)[42],

(cos? B)

{cos* §)

B (1 +rcos2(B))

3 %rzcos 2(B) + g1t cos 4(B) (4-49)

r+1 =

where 7 = exp(—207). Since f is assumed to be zero mean, (8) is equal to one.

We can solve (4-49) and get r. The o estimator is,

oy =) (50
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4.3 Stability of Three Canting Angle Estimators

In this section we simulate the linear dual-polarization radar observables such
as reflectivity factor (Z3), differential reflectivity (Zg,), linear depolarization ra-
tio (LDR), asymmetric ratio (As,), and so on. These simulations are done using
"cantmat”! which was written by Dr. Chengxian Tang at the Radar and Com-
munication Group (RCG), Department of Electrical Engineering, Colorado State
University (1996). Unless otherwise specified, the following conditions are applied

in the simulations:

[Uey

. Operating frequency is 2.725 GHz.
2. Rain drop temperature is 20° C.

3. A gamma raindrop size distribution was assumed and three parameters of
dsd,(Ny,D,, ), were derived from Joss disdrometer measurements at Darwin,

Australia for the whole wet season of 1999.

4. Mean axis ratio model as suggested by Andsager et al. (1990)[1] is used for
1 < D < 4 mm and by Beard and Chuang (1987)[7] for D < 1 and D > 4

mim.

5. The polar orientation angle distribution, p(6s), is assumed to be Gaussian
shape with zero mean. The azimuthal angle, ¢, is assumed to be a uniform

distribution in (0,27).
6. Size integration is from D,;, = 0 mm to D,p, = 2.5D,,.

7. Orientation angle integration interval is (0°,90°) for 6, and (0°,360°) for .

1See http://www.radar.colostate.edu/scattering
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| Algorithm o5 =5° | 05 =10° | 05 =15° | o5 = 20° |
P4 05, | 0.002° | 0.001° | 0.001° [ 0.001°
os | 4.85° | 10.40° | 15.14° | 20.28°
Ryzhkov 05, | 0.079° | 0.149° | 0.192° | 0.207°

og | 4.59° 9.48° 14.30° 19.28°
Asymmetric Ratio | 05, | 0.103° 0.115° 0.122° 0.111°
og | 5.35° 10.43° 14.49° 17.80°

Table 4.1: Fluctuation of estimated o due to drop size distribution variations.

After calculating the radar observables, we can estimate the standard deviation of
canting angle (65) by using the three algorithms which were discussed in the pre-
vious section, and compare them with oy, which we set in the simulation program

(04, = 0g, see Section 4.1.1).
4.3.1 04 Fluctuation due to Precipitation Models

a. Drop Size Distribution

In order to study the affect of drop size distribution on the canting angle
estimators, we use 2159 measured dsd data to simulate radar observables and to
estimate og. The orientation angle distribution (pq(f)) was assumed to be of
Gaussian shape with oy, = 5°, 10°, 15° and 20° for 6,, and uniform distribution
for ¢,. Table 4.1 shows the results. From the results we found that the three
algorithms were negligibly affected by the drop size distribution variation (the
maximum standard deviation of &g is 0.207° for Ryzhkov formula). The p, al-
gorithm is the most stable and almost unbiased (0.8% overestimate on average).
The Ryzhkov formula underestimates by 5.4% on average. We suspect that the
underestimate is because his formula is based on Rayleigh scattering whereas our
simulations are mainly based on the T-matrix method. The asymmetric ratio algo-
rithm is also unbiased (0.8% underestimate on average). However, this algorithm

tends to overestimate 0 for og = 5° and 10°, and underestimate it for 15° and

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



110

20°. In conclusion, the three algorithms are accurate and stable with respect to
variability in the drop size distribution.
b. Axis Ratio

The other important feature of the precipitation model is the mean axis ratio
versus D relation. Here we used the linear Pruppacher-Pitter model (1971)[41].
The original model fixed the slope at 0.062 mm ™" (see 2-20). We change the slope
systematically from 0.032 to 0.092 to account for drop oscillations. The distribution
of 0, (pa(6y)) is assumed to be Gaussian in shape with zero mean and o4 equal to
10°. Fig. 4.10 shows &3 versus the slope of axis ratio versus D; Fig. 4.11 shows the
standard deviation of estimated o versus slope. The p, is almost not affected by
the mean axis ratio. The Ryzhkov formula underestimates by 0.6-1° as expected.
If we ignore the extreme slope value (0.032 mm™!), this algorithm is very stable
(05, is less than 0.4°). The asymmetric ratio algorithm overestimates when the

slope is less than 0.052 mm™!

and underestimates when the slope is larger. On
average, it is nearly unbiased. Also, the asymmetric ratio algorithm is very stable

because o5, is less than 0.3 if we ignore the extreme values of the slope.
4.3.2 05 Fluctuation due to Measurement Error

Since we use radar measurements to estimate the standard deviation of canting
angle, we have to evaluate the impact of measurement error on the algorithms.
First, we simulate radar observables by setting N, = 8000, Dy =2 mm and p =0
(exponential dsd). The distribution of orientation angle, pa(6s), is Gaussian with
zero mean and gs, = og = 10°. The simulation gives the mean radar values as

follows:

1. Z), = 55.52; dBZ.

9. Zy = 2.22; dB.
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3. A, = 2.39; dB.
4. LDR = —27.16; dB.

5. pny = 0.992. Note that ps, is normalized by 1/|Sps|?|Sy|? and R, in the

covariance matrix is normalized by |Spa|*.

The corresponding covariance matrix is,

1 5.5682. 10-—1lej0.0089 0-76836_j0'0013
$=|- 00038 2.5806 - 10~ 10¢731398 (51)
- - 0.5996

Using the simulated radar values and covariance matrix, we calculate the mean og
by the three algorithms. The results are 10.04° for p, algorithm, 9.91° for Ryzhkov
formula and 9.97° for asymmetric ratio algorithm (note that the assumed value
was 10°).

Next, we simulate random errors for Zy., LDR, |R.,| and 6,,. Note that Agy
is calculate from Z; and LDR. All random error sets are assumed to be inde-
pendent and Gaussian shape with zero mean. The standard deviation of random
errors for Zy, is 0.2 dB, for LDR is 1.4 dB, for amplitude of R, is 0.005 and for
phase of R, (Jc0) is 3°. Applying these errors to the simulated radar values and
the covariance matrix, we estimate oz using the three algorithms and obtain the
standard deviation of estimated oz, mean of estimated oz and average error (by
compare with estimated o4 without random error). In order to get reliable results,
we repeat the procedure 50 times and do the average.

Fig. 4.12 shows the PDF of estimated o4 for a single simulation and Table
4.2 shows the average results based on 50 simulations. The Ryzhkov formula and
asymmetric ratio algorithm are nearly insensitive to measurement errors (1.66%
for Ryzhkov formula and 0.78% for the asymmetric ratio algorithm). We expect

that the asymmetric ratio algorithm has the least error because the correlation
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Figure 4.12: The PDF of estimated o4. This is a result from one of 50 simulations.

Mean of 05, | Mean of G5 | Error
8 8

P4 4.01° 10.82° 7.70%
Ryzhkov 1.77° 10.08° 1.66%
Asymmetric ratio 1.52° 10.04° 0.78%

Table 4.2: Fluctuation of estimated og due to measurement errors. The results

are averaged over 50 individual simulations.
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of; estimated o estimated og estimated og
by (4-4) by p4 by Ryzhkov formula | by Asymmetric Ratio
0o =3° | 2.90° | 3.35°(15.52%) 3.17°(9.31%) 3.75° (29.10%)
Oo = 10° | 7.17° | 7.33°(2.23%) 6.93°(—3.35%) 7.90° (10.18%)
By = 15° | 10.71° | 11.89° (11.02%) |  11.13° (3.92%) 11.92° (11.30%)

Table 4.3: The o4 for the Holt distribution (1984)[22] compared with the three og
estimators.

between Z; and A,y is higher. The p, algorithm has the most error (around
7.7%). Generally, the three algorithms can be considered to be stable with respect

to radar measurement errors.
4.3.3 03 Fluctuation due to Orientation Distribution

In the previous section, we evaluated the performance of the canting angle
algorithms by assuming that the canting angle distribution is Gaussian in shape.
However, the canting angle distribution may not be Gaussian. Therefore, we need
to examine if these algorithms still hold for non-Gaussian distributions. First, we
set orientation angle (6;) to be Holt’s distribution (Holt 1984)[22] with A = 1000
and 0y = 3%, 10° and 15°. The distribution of ¢, is assumed to be uniform. Using
(4-4), we can get the distributions of canting angle (3) which are rectangular (for
0y = 3°) and bi-modal (for 8 = 10° and 15°). The normalized histograms (PMF)
and corresponding ogs are shown in Fig. 4.9 (for 05y = 3° and 10°). We then use
the Holt distribution to calculate the radar observables and using these values we
can estimate og.

Table 4.3 shows the simulation results for o5. We found that all three algo-
rithms can be used to estimate o4 for non-Gaussian distributions. The Ryzhkov
formula is the better one (9.31% overestimate at 6y = 3° is the worst case) and the

Asymmetric ratio algorithm is the worst one (29.10% overestimate at 6 = 3°).
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Fig. 4.13 shows the normalized histogram (PMF) of § compared with a Gaus-
sian PDF with o =~ 04. The bi-modal distribution has higher probability at around
+10°. Such canting would give higher (lower) vertical (horizontal) returned power
compared with the Gaussian distribution. However, the probabilities of the bi-
modal distribution drops fast for § > 10° and § < —10° In these regions, the
Gaussian canting should have higher (lower) vertical (horizontal) power. Fig. 4.14
compares Zgr, LDR, A, and Re[R,,] for the two distributions. As we expect, Zg,,
Agy, Re[R.,] and LDR are almost the same for the two distributions. The co-cross
correlations are too small because the mean canting angle is close to zero and be-
cause of "mirror” reflection symmetry. Our simulations show that it is possible
to estimate the width of the canting angle distribution from radar measurements,
and that it is generally unaffected by dsd variations, the mean shape or the precise

form of the canting angle distribution.

4.4 Case Study
4.4.1° Case of July 28, 1997, Colorado

On the evening of July 28, 1997 (MDT; 29 July UTC), a flash-flood producing
storm developed near Fort Coﬂins, Colorado. Rain started to fall steadily west of
Fort Collins from 1800 MDT (0000 UTC) to 2200 MDT (0400 UTC). The most
intense rainfall was at 2100 MDT (0300 UTC) to 2200 (0400 UTC). During that
time, the CSU-CHILL radar scans were mainly focused on the Duke gage network
which is located southeast of the radar. Fortunately, the CSU-CHILL radar did 3
surveillance scans at 2130, 2145 and 2200 MDT. Therefore, we still have enough
data to analyze the Fort Collins flood case.

Fig. 4.15 shows a PPI scan at 2145 MDT (0345 UTC). From the Z; data,
we can identify three major storm cells. The first one located at azimuth angle

between 278° and 295° and range between 38 km and 50 km (western Fort Collins)
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Figure 4.15: A 360°-PPI scan of CSU-CHILL radar at 21:45, July 28, 1997. The
upper-left panel is Z, (in dBZ), upper-right panel is Zy, (in dB), lower-left panel
is LDR (in dB) and lower-right panel is ¢4, (in degrees).
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caused the destructive flash flood. In the following analysis, we refer to this as the
"flood case”. The second storm cell was located at azimuth angle between 98° and
110°, and range between 35 km and 60 km. This area covers the Duke gage network
and will be referred to as the ”Duke case”. Also, from lower-right panel (¢4y), there
was no significant increase of ¢4, through the rain cell so we did not perform any
attenuation-correction. However, we did do the Z; and LDR calibration using
the sun-calibration data.
a. Flood Case

In this case, we used three 360°-PP1 scan data at 21:30, 21:45 and 22:00 MDT.

In order to insure the data quality, we applied the following thresholds:

1. Zy, > 35;dBZ.
2. Zg > 0.5; dB.
3. SNR > 40; dB.
4. Kq4p > 0.1°.

5. pny > 0.9.

There were 5830 qualified data sets (individual range resolution volumes) in this
case. Fig. 4.16 shows the histograms of estimated o by using the simplified p4 al-
gorithm and the Ryzhkov algorithm. The distribution of o4 using the p4 algorithm
is broader than the Ryzhkov algorithm. It agrees with the simulation results (see
Fig. 4.12) because the p; method is more affected by measurement errors. The
difference between two modal values is around 2.3°. This could be due to (a)
dsd variations where the Ryzhkov algorithm tends to slightly underestimate og
as compared with the p; algorithm (see Table 4.1 and using linear interpolation),
and (b) mean axis ratio variations where the Ryzhkov algorithm also slightly un-

derestimates the p, algorithm (see Fig. 4.10 and Fig. 4.11). Combining the dsd
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Figure 4.16: Histogram of estimated o4 for the Flood case. The upper panel is for
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for the Ryzhkov algorithm which has modal value of 5.14°.
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and mean axis ratio effects, the Ryzhkov algorithm should underestimate o5 by
1.3°£0.3° at 03 = 7.5° compared with the p, algorithm.

The upper panel of Fig. 4.17 shows the scatter plot of estimated o4 versus Zy;,.
We found that o decreases when Zg, increases. This tendency may reflect the fact
that larger drops are more stably oriented as compared to small-sized drops (i.e.,
more "resistant” to transverse mode drop oscillations, for example). Both the
ps and Ryzhkov algorithms show this same tendency. For further analysis, we
divide Zg, into several equal intervals from 0.5 dB to upper the bound of Z,, (each
interval is 0.5 dB). If the number of data points in each interval are more than 10,
we compute the mean and standard deviation of og. The lower panel of Fig. 4.17
shows the results. The mean og from the Ryzhkov algorithm is systematically 3°
lower than the simplified p; algorithm for 0.5 < Zy < 1 dB, and gets closer when
Z4 increases (less than 1° for 4 < Z; < 4.5 dB). These data also show that, on
average, the larger-sized drops are more stably oriented than the smaller ones.
b. Duke Case

The CSU-CHILL radar scanned the Duke gage network area continuously
from 21:31 to 21:32 MDT; our focus is on the area whose azimuth angle is from
98° to 110°, eiévation angle is from 0° to 2°, and range is from 35 km to 60 km.
After applying the data quality thresholds, there were 14807 data points available
(each data point corresponds to data from an individual range resolution volume).
Fig. 4.18 shows the histograms of estimated og. As expected, the distribution
of estimated og using the simplified ps algorithm is broader than the Ryzhkov
algorithm because of measurement fluctuations. The modal value of estimated o
is 8.11° using the simplified p, algorithm and 6.16° by using the Ryzhkov algorithm.
Both mode numbers are higher than in the ”flood case”, but the difference between

them is smaller.
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Figure 4.17: Estimated og versus Zg4,. The upper panel is a scatter plot (5830 data
points). In the second panel, we divide Z, into 8 equal intervals, each interval
being 0.5 dB. We calculate the mean and standard deviation of corresponding og
in each interval. The error bar is one standard deviation.
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The upper panel of Fig. 4.19 shows the scatter plot of estimated o versus Zg;.
The dark dots represent the p, algorithm and grey crosses represent the Ryzhkov
algorithm. Both algorithms show that og decreases as Z; increases. The lower
panel of Fig. 4.19 shows the mean and standard deviation of estimated o versus
Zg-. The tendency is much clearer in this plot. The Ryzhkov algorithm is 2.2° lower
than the simplified p, for 0.5 < Zg. < 1 dB, and is 0.64° lower for 3.5 < Z4 < 4
dB. Once again, we find that the two algorithms have larger differences at low Z,

values, and are roughly in agreement at high 7, values.
4.4.2 June 11, 2000, Colorado (STEPS) Case

From 22 May to 16 July 2000, a field campaign named Severe Thunderstorm
Electrification and Precipitation Study (STEPS) was held near the border area
between Colorado and Kansas. This field campaign involved three weather radars,
CSU-CHILL radar from the Colorado State University, S-Pol radar from the Na-
tional Center for Atmospheric Research and WSR-88D Doppler radar of the Na-
tional Weather Service. Fig. 4.20 shows the locations of the three radars. The
CSU-CHILL radar was located at 39° 14.0763" north and 102° 16.6745 west.

On the late evening of June 11, an intense rain-producing storm approached
from the west of the CSU-CHILL radar and passed through to its east. Fig. 4.21
shows a PPI scan of Z,. We can easily identify a high Z, area (azimuth angle from
260° to 355° and range from 30 km to 60 km). The CSU-CHILL radar measured
the 3x3 covariance matrix in each resolution volume. After carefully calibrating the
covariance matrix and correcting for system offsets (the calibration and correction
were done by Dr. John Hubbert), we were able to calculate Zg, LDR and pp,
from the covariance matrix and estimated og by using the simplified p, algorithm
and the Ryzhkov algorithm.

Fig. 4.22 shows the histogram of estimated o4 using the two algorithms. Unlike

the "Flood case” and the "Duke case”, the differences between two modal values
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the two research radars (S-Pol and CSU-CHILL).
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Figure 4.21: Radar scan of Zj, on June 11, 2000. We can identify a rain cell which
located at azimuth angle around 350° and range around 40 km from CSU-CHILL.
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Figure 4.22: Same as Fig. 4.16 except from June 11, 2000 (10,807 data points).

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



129

is very small (around 0.6°) with the Ryzhkov algorithm slightly over-estimating
compared with the p4 algorithm. Moreover, the histogram of o3 using the Ryzhkov
algorithm is broader than using the simplified py algorithm. This phenomenon is
not in agreement with the simulation results. One possible explanation is that
this data set is from a very intense rain event and includes the volumes from two
different elevations (0.55 and 1.1°). So the variation of drop size and shape may
be larger, since the simplified py algorithm is less sensitive with drop size and
shape compared with the Ryzhkov algorithm. Therefore, the standard deviation
of estimated oz by using the simplified p4 algorithm should be smaller.

Fig 4.23 shows estimated og versus Z4.. Asin Fig. 4.17, the upper panel shows
the scatter plot while the lower plot shows bin averaged data. In agreement with
the previous datasets, the tendency for o to decrease, on average, with increase in
Zg4 is maintained in this data set also (case of very intense rain storm with large
drops most likely formed from melting of graupel and tiny hailstones as opposed
to the earlier more ”tropical” like rain events). It seems that polarimetric based
rain rate algorithms may have to take into account the behavior of oz versus Zg,
for accurate retrievals of rain rate (the usual approximation is to assume that og

is fixed at about 5-10° independent of drop size).

4.5 Summary

In this chapter, we first studied the impact of drop oscillations on effective
drop shapes. We also explained how multi-mode oscillations can effectively increase
the standard deviation of canting angle. In Section 1, we explored the relation
between orientation angles (6, and ¢;) and canting angle (). Moreover, we study
two possible orientation distributions (Gaussian and Holt) by computer simulation.
Based on this relation and polarization theories, we explain two existing algorithms

(Ryzhkov and p, algorithms) which are used to estimate the standard deviation
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of canting angle (04), and have proposed two new algorithms (Asymmetric ratio
algorithm and simplified p4 algorithm).

In section 3, we examined the stability of three algorithms (simplified py4,
Ryzhkov and asymmetric ratio algorithm). We found that these three algorithms
were not sensitive to details of the rain models (dsd and mean axis ratio) and to
measurement errors. Moreover, we also showed that it is impossible to distinguish
between two different orientation distributions with the same standard deviation
by using dual-polarization radar parameters such as Zg, LDR and pp,. Finally,
we applied the Ryzhkov and simplified p, algorithms to three cases (Flood, Duke
and STEPS case). The analysis show that both Ryzhkov and simplified algorithms
can give reasonable results for oz versus Zg,.

Fig. 4.24 shows the tendency. Note that the relative error is calculated by,

Error — 1000ﬂ,Ryzhkov — 08, simplifiedpy (4_52)
O3, simplifiedps

The absolute values of relative error are larger at small Z; and smaller at larger
Z4. There is one possible explanation for this phenomenon. The Ryzhkov algo-
rithm uses Z; and LDR to estimate og, and assumes that the mean axis ratio
follows the Pruppacher-Pitter axis ratio model. Fig. 4.25 shows the calculated
relation between Z,., o3 and LDR by using the Ryzhkov algorithm. If mean
the shape of drops are more (or less) oblate compared with the Pruppacher-Pitter
model, Zy would become larger (smaller) and LD R would become smaller (larger)
for any canting angle. From Fig. 4.25, the Ryzhkov algorithm would tend to under-
estimate (over-estimate) the o4. If the amplitude of oscillations is around the same,
it would change the mean axis ratio (relatively) more for small drops as compared
to big drops. Moreover, large drops are usually formed by melting of ice parti-
cles, and may contain melting ice cores. So the shape of larger drops tends to be

stable. Actually, some studies have shown that drops > 2 mm agree well with
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wind-tunnel measurements of stable drop shape (Pruppacher et. al. 1971, Beard
et. al. 1987)[41, 7]. Therefore, the Ryzhkov algorithm will tend to over or under-
estimate for small drops (small Z,,) and tend to be more accurate for larger drops
(large Zg).

On the other hand, the simplified p4 algorithm uses Zg., LDR and Re[R,,] to
estimate og. Fig. 4.26 shows surfaces of constant o4 (03 = 5, 10 and 15°) calculated
for the simplified p, algorithm. When drops are more (or less) oblate, Z; becomes
larger (smaller) and the algorithm will tend to overestimate o (see Fig. 4.26b). At
the same time, Re[R,,| will become smaller (larger) and LDR will become smaller
because |S,| reduces (increases). The algorithm will tend to underestimate o (see
Fig. 4.26¢). Overall, the variation of estimated oz due to the drop shape change
may be minimized. Apparently, the simplified p; algorithm does as well as the p4
algorithm and is less affected by drop shapes. If our hypothesis (explanation) is
correct, the difference between the two algorithm may play an important role in

drop shape identification.
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Chapter 5

CONCLUSION

5.1 Summary and Discussion

In this Dissertation, we studied the microphysical properties of rain and, sub-
sequently, to get better rainfall rate estimation. The introductory chapter gives a
brief review of radar meteorology, and then introduces polarization theories and
some useful tools for dual-polarization radar analysis such as scattering matrix,
covariance matrix and basis transformation.

Following the introduction, we proposed a mean areal rainfall rate estimator
by using ¢g,. This estimation is based on the R- Ky, relationship. In order to reduce
measurement fluctuations and random errors, we integrate the rainfall rate over
an area. Since radar does not measure Ky, directly, we apply Kg, = 0.5 % dgg,/dr
into our formula. Ryzhkov and Zriné (2000)[44] derived a related mean areal R
algorithm that assumed that Ky, is constant (or ¢4, is linear increasing) over
the estimated area. However, this assumption can cause range weighting problem
especially for a narrow K, profile versus range. Therefore, we used piece-wise
linear fitting method and then assumed a ”locally” linear R-Kjg, relation. To
compare these two algorithms, we analyzed the error structure of the algorithms
by computer simulations and studied 12 rain cases using the C-Pol radar at Darwin,
Australia and one case using the S-Pol radar in Brazil. Moreover, we introduced

@ correction (Gorgucci et al. 2000)[17] method into the two algorithms where
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(3 is the slope of mean axis ratio versus drop diameter (which can change due to
drop oscillations). Both computer simulations and case study analysis showed that
our algorithm can give accurate estimation, and that 3 correction can reduce the
estimation bias significantly for both algorithms.

In Chapter 3, we extend the application of 3 to evaluate parameters of the
gamma drop size distribution. If radar parameters (Z, Zg and Ky,) satisfy certain
pre-specified thresholds, we calculate 3 first, and then, calculate D, and N, by
using 3, Z, and Zy (Gorgucci et al. 2001,2002)[18, 14]. Otherwise, if Z, > 0
dBZ and Z; > 0.2 dB, we calculate D, and N, using Z; and Zy only. After
evaluating the gamma dsd parameters over an area, we propose an adjustable Z-
R relationship whose exponent is fixed at 1.5 and whose multiplicative constant
is function of p and N,,. This pol-based Z-R relationship is simple and flexible.
It can reduce measurement fluctuations because the coefficient is based on dsd
parameters that are averaged over an area, and then applied to each resolution
volume. To validate our methods, we compare radar retrieved dsd parameters
with profiler dsd retrievals. We also compare the rain rate by using our pol-based
Z-R relationship with gage rain rate. Case studies show that both radar retrieved
dsd and rainfall rate estimates agree quite well with profiler dsd and gage rain rate.

There are three important features of precipitation, namely, the drop size
distribution, mean axis ratio of drops and and drop orientation distribution. We
studied the first two in Chapters 2 and 3. In Chapter 4, we study the drop orien-
tation which appears to be governed by turbulence and drop oscillation. Although
drops are actually oriented in 3-D space, radar can only observe drop orientation
in the polarization plane. So we first study the relations between orientation an-
gles (6, and ¢3) and canting angle (8). Note that 3 is refereed to as ”slope of
mean axis ratio versus drop diameter” in previous chapters but as ”canting an-

gle” in Chapter 4. Using the scattering and covariance matrices, we develop two
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algorithms for o3 which are referred to as the asymmetric ratio algorithm and the
simplified p4 algorithm. We examine the stability of these two algorithms along
with the Ryzhkov algorithm (2001)[42]. We apply the Ryzhkov algorithm and the
simplified p, algorithm to three rain cases. Both algorithms give reasonable results
but do not agree with each other at low Z,. values. However, we are able to ex-
plain this disagreement theoretically. We believe that the simplified p, algorithm
is more accurate when drop shapes are not following the linear Pruppacher-Pitter

model, perhaps due to drop oscillations or other reasons.

5.2 Future Research Suggestions

One of the main goals of weather radar is to get better estimates of precipi-
tation. To get a better estimation using physically-based approaches, we need to
understand the microphysical properties of precipitation. For example, although
we can show that the areal rainfall rate algorithm based on ®4, can reduce mea-
surement fluctuations and random noise and is mathematically unbiased, in reality,
the normalized bias (N B) for an individual case could be very large (—44% the
worst case). It may be due to the R-Kj, relation not being valid because of drop
oscillations. We can use 3 correction applied over an area as we did for the S-Pol
radar case. However, at C-band the (-correction has not been sufficiently vali-
dated because attenuation-correction of Z,, and Z, has to be applied prior to any
B-correction (which will introduce additional errors so as to make the 3-correction
unreliable).

In Chapter 4, we proposed a pol-based Z-R relationship. The multiplicative
coefficient is dependent on the radar retrieved dsd parameters. Basically, we es-
timate the dsd parameters by using B.r¢, Z), and Z;. Here we assume that the
actual non-linear relation between mean axis ratio and D may be equivalent to a

linear model which would keep K, the same. The linear model is r = 1.03— (3,; D
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where r is the mean axis ratio. The validation of radar retrieved dsd is evaluated
by comparing against profiler dsd retrievals. The profiler estimates dsd by using
sds (single Doppler spectrum) method and a statistical method. We found that the
dual-pol radar retrieved dsd agreed well with either the sds method or the statisti-
cal method for R > 5 mm h~!. We still need to analyze more cases to understand
the difference between sds and statistical method. Moreover, we also found that
the estimated rainfall rate by using the pol-based Z-R would have larger error at
high Z, gradient region compared with gage rainfall rate. This is not unexpected
as in regions of large gradients the gage point estimate of R cannot accurately be
"mapped” into a surface estimate. Thus, a significantly larger proportion of the
radar-gage error may be due to the ”point-to-surface conversion” error of gages
alone. Thus, radar retrievals of R should be compared with gages only when the
gradient of Z), over the region represented by the gage is small (uniform rain).
The last topic of this dissertation is drop orientation. We study the relation
of drop orientation and canting angle and propose two algorithms to estimate the
standard deviation of canting angle (0g). Here we assume that the mean canting
angle is zero based on the expected natural behavior of drop orientation (i.e., the
azimuthal angle ¢, should be uniformly distributed). However, previous studies
have shown that antenna misalignment can cause the H/V basis to be rotated
slightly (Huang et al. 2001)[24]. In this case, the mean canting angle will be close
but not be equal to zero. We can examine the mean canting angle by using the
covariance matrix. In order to do so, we need to calibrate the covariance matrix
accurately. We apply two algorithms to estimate o in three cases. Theoretically,
these two algorithms should give very close results. The data show that they are in
good agreement at large Z;. but deviate at small Z,;.. We give a reasonable expla-
nation but lack solid proof. We can validate our estimation by analyzing 2-D video

disdrometer data because this instrument can give the drop shape and orientation
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separately. By analyzing 2D-video data, we can establish more accurate precipi-
tation models (including drop size distribution, orientation distribution and mean
axis ratio model) and get more information about the microphysical properties of
precipitation. Subsequently, we can estimate precipitation even more accurately

by using polarimetric radar technology.
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