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Unknowns (variables): in each volume element,
X = (T, p’ u’ V’ W, qWV’ qcla qp|’ qci’ qS! qg’ qh)

Put them all together in one X living in R126.000,000

Start with X = X,, initial condition known up to

N N D (Gaussian) error with imperfectly known
higher moments (covariance)

Run dynamics dX, = F(X; A) dt

where F is nonlinear and has parameters,

then, at time s, observe O = H(X;; \") + error,
where nonlinear H depends on parameters A’
whose dynamics are not known.

Goal: find “X” consistent with dynamics-only X, and such that H(X) is consistent with O



Unknowns (variables): in each volume element,
X = (T, p’ u’ V’ W, qWV’ qcla qp|’ qci’ qS! qg’ qh)

Put them all together in one X living in R126.000,000

Start with X = X,, initial condition known up to

0 (Gaussian) error with imperfectly known

higher moments (covariance)

Run dynamics dX, = F(X; A) dt

where F is nonlinear and has parameters,

then, at time s, observe O = H(X;; \") + error,
where nonlinear H depends on parameters A’
whose dynamics are not known.

Goal: find “X” consistent with dynamics-only X, and such that H(X) is consistent with O

Parameters A in the definition of the dynamics F: microphysics
partitioning between cloud liquid, precipitating liquid, “small ice” (50 um) and large ice
mean sizes

Parameters )" in the definition of the observation H:
all of A along with habits (snow, graupel, hail)



Observe O = H(X,; A" ) + error:

What does H look like for microwave obs in rain?

e.g. for radar (fewer integrals than — but similar to — passive):
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Observe O = H(X,; A" ) + error:

What does H look like for microwave obs in rain?
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Observe O = H(X,; A" ) + error:

What does H look like for microwave obs in rain?
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Observe O = H(X,; A" ) + error:

What does H look like for microwave obs in rain?

e.g. for radar (fewer integrals than — but similar to — passive):

0 oo o9, n o /pJ(z)e—A(z)D/ "de
H(q) = / (q>D,u€—ADe s (a(=))D an')az 1o
0

X hassive emission ~ passive scattering+absorption

where
6 AM+4

mpT(pu+4

n(q) = K

and A and u are parameters that are not independent with g
(see slides past the end of today’s presentation)

and the habits depend discontinuously on ¢



Observe O = H(X,; A" ) + error:

What does H look like for microwave obs in rain?

In the assimilation, as ¢ is adjusted, H will have
discrete jumps

ldeally, the representation should “smooth over”
these artificial jumps

= define H empirically by fitting its values
calculated with many different (yet feasible)
combos of A’
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Methodology

e Start with HWRF simulations (say Hepas arf 2010 havk, 2010-08-29-127 to 2010-09-03-187),
using stream 1, potential x, P, T, RH, W, q ., 9, 9, Qs 9 G
at 42 vertical levels for a total of 504 variables x,, ..., X<,

* for each of these 12million columns,

* find the principal components x,’, ..., Xc, (eachis alinear combo of x, .., x50
and the principal components (each a linear combo of T, ..., Ty’)

* Then we will have to find
combos of x,’,..., Xco,” that correlate most with combos of

* Say these combos are x,”, x,”, x;” and : we finally need to

express the latter in terms of the former, in a differentiable way (to be
able to compute derivatives)
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Methodology

 Step 1: find the principal components x.’, ..., X,
find the principal components

e Step 3: find
combos of x,’,..., X-o,” that correlate most with combos of
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Methodology

 Step 1: find the principal components x.’, ..., X,
find the principal components

e Stes3:1ina
combos of x,’, ..., X-o,” that correlate most with combos of
7 V4 ) 14 V24 14
and express T,”, T,”, T;" in terms of x,”, X,”, X5
(with differentiable expression, in order to compute derivatives):

T (%7, %", %37) = 2 T exp( =[x, "-x,"M]Z -[x,"-%," M2 - [x3"-x3"(V]? )

where the weighted sum over n runs over the 12million training points
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First part of step 3: here are the first 3 x” and T”

al UrTn #1 (allsky—ccv1), var: 96.0105%

b UrT" #1 (allsky—bt—ccv1), var: 96.0105%
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First part of step 3: here are the first 3 x” and T” 1
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Most remarkable:
the operators H,, H, , H;
giving
T,” = Hy(x,” )
T,” = Hyf Xy )
T,” = Hy( X3”)
are not so nonlinear:
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First part of step 3: T.” (vertlcal) vs x.” (horizontal)

Regression of CCA comp #1 R2:0.97982 Regression of CCA comp #2, R 2.0.92418
2r 3-

Earl 2010

0 2
By 2, X'



First part of step 3: compare the actual T, with approximates using x”

BT (obs, K) for TRMM ch 1 (10.65 GHz V) BT (obs, K) for TRMM ch 2 (10.65 GHz H) BT (obs, K) for TRMM ch 6 (37.00 GHz V) BT (obs, K) for TRMM ch 8 (85.00 GHz V)
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 Still not using the nonlinear representation of the observations (just the 3 combos of
variables defined on slide 14 that maximize the linear correlation with corresponding
combos of brightness temperatures)

* main problem: at the lowest and highest extremities of the ranges (high and low T,)

* Let’s test the performance of the non-linear differentiable expression forH =~ 47



Second part of step 3: use nonlinear expression
-I-in(xln’ X2”, X3”) — 2 Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z '[X3”'X3”(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg w levels 0-41, truth (m/s) Avg w levels 0-41, anlys (m/s)
24°N 1.75804 24N 7 1.75804
1.13539 1.13539
22°N — 22°N —
' 0.512734 ( 0.512734
20\—;\. ' ;. 0.109917 20°N - 0.109917
e e —
ool =
> /j\J 0.732568 . /\j\ - F —0.732568
18°N -{f L 18N o . LDJ 4 &
—1.35522 T ~1.35522
16°N — 1.97787 16°N ~1.97787
| | | | | |
70°W 68°W 66°W 64°W 62°W 70°W 68°W 66°W 64°W 62°W

vertical component of wind
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Second part of step 3: use nonlinear expression
-I-in(xln’ X2”, X3”) — 2 Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z '[X3"'X3”(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg w levels 0-41, truth (m/s) Avg w levels 0-41, anlys (m/s)
24°N 1.75804 24N 7 1.75804
1.13539 - 1.13539
22°N - 22°N —
0.512734 - 0.512734
20°N —?:\ ' !'. 0.109917 20°N ; - 0.109917
\_::‘, —
> /T\, 0.732568 . ,i\ e = ~0.732568
1goN Y e 18N o o 4 I,.k::;{;w
—1.35522 v —1.35522
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vertical component of wind
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Second part of step 3: use nonlinear expression

) ~ 7
T, X

So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg rh levels 0-41, truth (%) Avg rh levels 0-41, anlys (%)

24°N —

87.0436 R4°N 87.0436

77.3384 77.3384

22°N | g2eN | |

67,6333 S L B I = S N 7 5333

— oN |
N 579282 20°N ;
]

20°N —

| 48.223 | 48.223
18°N o
38.5179 38.5179
16°N 28.8128 16°N 28.8128
70°W 68°W 66°W B4 62°W 70°W 68°W 66°W 64w 62°W

water vapor
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Second part of step 3: use nonlinear expression
-I-in(xln’ in’ X3”) — 2 Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z _[X3n_x3n(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg rh levels 0-41, truth (%) Avg rh levels 0-41, anlys (%)

iy - .‘__ﬂ'j- ‘ ) ;ﬁ;!

RATN 97.7374 RAN

86.401

22°N - 22°N —piid

20°N PRl L O 63.7283 20°N

02.3919

18°N (i 18°N — NS

41.0556 41.0556

16°N | 297192 16°N |

29.7192

70°W 68°W 66°W 64°W 62°W 70°W 68°W 66°W 64°W 62°W

water vapor
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Second part of step 3: use nonlinear expression
Tin(xln’ in’ X3”) — Z Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z _[X3n_X3n(n)]2 )

So let’s try an assimilation using this observation operator:

(start with 1D-var — not quite a “retrieva

Avg psi levels 0-41, truth (m?%s)

24°N -

22°N —

[ i
18°N

16°N

70°W

68°W 66°W 64°W 62°W

—95.68053

—28.1512

stream function

III

, because of the covariances)

Having started with a horizontally uniform background,

each variable having the global mean value at that height level:

Avg psi levels 0-41, anlys (m?s)

24°N -

22°N —

v -
18°N

16°N

70°W 68°W 66°W 64°W 62°W

—5.68053

—95.5631
118.034

—140.504
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Second part of step 3: use nonlinear expression
-I-in(xln’ in’ X3”) — 2 Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z _[X3n_x3n(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

- 2 s 2
Avg chi levels 0-41, truth (m7/s) Avg chi levels 0-41, anlys (m7/s)
3.62676 24N 3.62676
—1.82651 —1.82651
22°N —+
—7.27977 — —7.27977
—-12.733 20°N —12.733
—18.1863 —18.1863
18°N —
—23.6396 —23.6396
—29.0928 16°N —29.0928
70°W 68°W 66°W 64°W 62°W 70°W 68°W 66°W 64°W 62°W

potential function
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Second part of step 3: use nonlinear expression
Tin(xln’ in’ X3II) — Z Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z '[X3”'X3”(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg pressure levels 0-41, truth (hPa) Avg pressure levels 0-41, anlys (hPa)
511.889 511.889
503.583 503.583

— 495 277 495.277
|
— 486.971 486.971
[
|| |
478.666 478.666
470.36 470.36
462.054 462.054

70°W 68°W 66°W 64°W 62°W 70°W 68°W 66°W 64°W 62°W

pressure
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Second part of step 3: use nonlinear expression

) ~ 7
T, X

So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg grain levels 0-41, truth (g/kg) Avg qgrain levels 0-41, anlys (g/kg)
3.25342 24°N - |_|NEAR 3.25342
2.65524 - 2.65524
22°N —
2.05705 2.05705
1.45886 20°N — 1.45886
0.86067 0.86067
18°N —
0.262482 0.262482
—0.335707 16°N — —0.335707
70°W 68°W 66°W 64°W 62°W 70°W 68°W 66°W 64°W 62°W
RAIN
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Second part of step 3: use nonlinear expression
-I-in(xln’ in’ X3I)) — 2 Ti”(n) exp( _[Xln_xln(n)]z _[in_xzn(n)]z _[X3n_x3n(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg grain levels 0-41, truth (g/kg) Avg qgrain levels 0-41, anlys (g/kg)
24N 3.26685 24N 3.26685
2.72238 2.72238
22°N 22°N
2.1779 2.1779
| |
= =
20°N — 1.63343 20°N — 1 63343
- ||
o 1.08895 N 1.08895
18°N —{a 3 18°N .
0.544475 0.544475
16°N 0 16°N 0
70°W 68°W 66°W 64°W B82°W 70°W 68°W 66°W 64°W 62°W
RAIN
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Second part of step 3: use nonlinear expression

) ~ 7
T, X

So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieva

Avg gsnow levels 0-41, truth (g/kg)

24°N

22°N

18°N i

16°N

70°W 68°W 66°W B4°W 62°W

0.801387

0.656812

0.512237

0.367662

0.223087

0.0785117

—0.0660635

I”

, because of the covariances)

Having started with a horizontally uniform background,

24°N

22°N -

16°N —

SNOW

70°W

68°W

66°W

64°W

62°W

each variable having the global mean value at that height level:

Avg gsnow levels 0-41, anlys (g/kg)
LINEAR -

g

0.801387
0.656812
0.512237
0.367662
0.223087
0.0785117

—0.0660635
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Second part of step 3: use nonlinear expression
-I-in(xln’ in’ X3I)) — 2 Ti”(n) exp( _[Xln_xln(n)]z '[X2”'X2”(n)]2 _[X3n_x3n(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg totallce levels 0-41, truth (g/kg) Avg totallce levels 0-41, anlys (g/kg)
2N 2.21744 AN 2.21744
1.84787 1.84787
22°N 22°N
1.47829 1.47829
|| |
|| |
20°N — 1.10872 20°N — 1.10872
- .
- 0.739147 - 0.739147
1g°N A 18°N —{
0.369573 0.369573
16°N 0 16°N 0
70°W 68°W 66°W B4°W 62°W 70°W 68°W 66°W 64°W 62°W
TOTAL ICE
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Second part of step 3: use nonlinear expression

) ~ 7
T, X

So let’s try an assimilation using this observation operator:

(start with 1D-var — not quite a “retrieva

Avg temp levels 0-41, truth (C)

24°N

I”

, because of the covariances)

Having started with a horizontally uniform background,

each variable having the global mean value at that height level:

Avg temp levels 0-41, anlys (C)

~7.39514 24N LlNEAR —7.39514
—9.41477 —9.41477
22°N 22°N
—11.4344 —11.4344
20°N . 13.4_54 20°N - 134—54
o —15.4737 e —-15.4737
18°N i (g i "
—17.4933 —17.4933
16°N —-19.5129 16°N ~19.5129
70°W 68°W 66°W 64°W 62°W T70°W 68°W 66°W B84°W B2°W
temperature
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Second part of step 3: use nonlinear expression
-I-in(xln’ in’ X3I)) — 2 Ti”(n) exp( _[Xln_xln(n)]z '[X2”'X2”(n)]2 _[X3n_x3n(n)]2 )
So let’s try an assimilation using this observation operator:
(start with 1D-var — not quite a “retrieval”, because of the covariances)

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg temp levels 0-41, truth (C) Avg temp levels 0-41, anlys (C)
SAN —11.6089 RA°N —11.6089
—12.9145 : —12.9145
22°N 22°N
—14.22 —14.22
20°N —15.5256 20°N —15.5256
o ~16.8311 ‘ ~16.8311
18°N — 18°N —
—-18.1367 —-18.1367
16°N —19.4422 16°N —19.4422
70°W 68°W 66°W 64°W B62°W 70°W 68°W 66°W 64°W B62°W
I
temperature Look Ma!
a warm core!
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Is this for real?

Can we really reconstruct most of the hurricane from window pwave??

Can we estimate vertical wind, and temperature anomaly, directly
from the window-channel passive microwave (SSMIS, AMSR, TMI)???

Avg temp levels 0-41, truth (C)

24°N

22°N

20°N

18°N —( y

16°N

70°W 68°W 66°W 64°W 62°W

24°N

Avg temp levels 0-41, anlys (C)

—11.6089 —11.6089
—12.9145 : —12.9145
22°N ¥
—14.22 —14.22
—15.5256 20°N —15.5256
—-16.8311 i —-16.8311
18°N —(
—-18.1367 —18.1367
—19.4422 16°N —19.4422
70°W 68°W 66°W 64°W B62°W
|
temperature Look Ma!
a warm core!
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Try the exact same operator, derived from Earl, on Igor:

assimilation using this observation operator:

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg w levels 0-41, truth (m/s) Avg w levels 0-41, anlys (m/s)
20°N 20°N
1.58226 1.58226
19°N 1.28884 19°N 1.28884
LBoN 0.995413 Lgon 0.995413
0.701987 0.701987
17°N 17°N
0.408562 0.408562
16°N 16°N
0.1151386 0.115136
15°N 15°N
~0.17829 ~0.17829
43°W 42°W 41°W 40°W 39°W 38°W 43°W 42°W 41°W 40°W 39°W 38°W

vertical component of wind
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Try the exact same operator, derived from Earl, on Igor:

assimilation using this observation operator:

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg rh levels 0-41, truth (%) Avg rh levels 0-41, anlys (%)
C Fi s |

20°N 20°N

93.2204 93.2204

19°N

83.4545 19°N 83.4545

18°N 73.6886 18°N

17°N 17°N

54.1567 54.1567

16°N — 16°N

44.3908 44.3908

15°N —

34.6249 34.6249

water vapor
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Try the exact same operator, derived from Earl, on Igor:

assimilation using this observation operator:

Avg grain levels 0-41, truth (g/kg)

20°N

| 2.1932
19°N 1.82767
18N 1.46213

| 1.0966
17°N

| 0.731066
16°N

0.365533

15°N

| 0

43°W 42°W 41°W 40°W 39°W 38°W

rain

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg grain levels 0-41, anlys (g/kg)

20°N
19°N
18°N
17°N
16°N

15°N

2.1932

1.82767

1.46213

1.0966

0.731066

0.365533

0

43°W 42°W 41°W 40°W 39°W 38°W
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Try the exact same operator, derived from Earl, on Igor:

assimilation using this observation operator:

Having started with a horizontally uniform background,
each variable having the global mean value at that height level:

Avg temp levels 0-41, truth (C) Avg temp levels 0-41, anlys (C)
20°N 20°N
| —13.638 | —13.638
19N o ~14.6125 19N o ~14.6125
1gon - _15.587 oo SRS ~15.587
~16.5615 Tre ~16.5615
| —-17.5359 : —-17.5359
16°N 16°N —
—-18.5104 —-18.5104
15°N 15°N
| —-19.4849 | —-19.4849
43°W 42°W 41°W 40°W 39°W 38°W
temperature
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So far, we have let the math define the transform variables:

Tln — Hl(Xlﬂ )
T2” — Hz( X2” )
T3” — H3( X3”)

Why not subjectively inject some physics, and impose different
transform variables, dictated by expectation:

Tl” — Jl(Xl”
T2” — JZ(XZH
T3H - J3(X3H )

i.e. instead of

Ti”(X]_”, in’ X3”) — Z -I-i”(n) eXp( _[Xln_xln(n)]z '[X2”'X2”(n)]2 '[X3”‘X3”(n)]2 )
use

T-”(Xl”, Xlwv" Xlrain”)

|
= 2 Ti”(n) exp( _[Xi”_xi”(n)]z '[Xlwv’_xlwv’(n)]z '[Xlrain’_xlrain’(n)]z ) 36
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Jeff Steward is incorporating operator into HWRF EnKF DAS
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Additional slides on hidden problems in microphysical representations
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Implicit unrealistic correlations in hydrometeor size distributions:
= Assume closed-form diameter distributions (e.g. exponential or I'):
N(D)=N, D" e

Let’ s try to interpret the parameters in terms of physically meaningful
quantities:
3
. [pD’ND)yaD 4

" [D*Nw) dp A
3 C(u+1) D!
g = f4J'E(D) pN(D) dD = T P (ILL ) 1m NO
3\ 2 6 (u+4)"
( 2 N3 \/2
f(D-Dm) D3N(D) dD H

O fD3N(D) dD C Ju+d

\ /



Implicit unrealistic correlations in hydrometeor size distributions:
= Assume closed-form diameter distributions (e.g. exponential or I'):
N(D)=N, D" e

Let’ s try to interpret the parameters in terms of physically meaningful
quantities:

[pDND)yaD 4
= fD3N(D) iD @
3 C(u+1) D
(or J i”(lz)) pN®) dD = T <:++4>’“‘+1

1/2
[@-D,)* D’ND) dD' H

= f D3N (D) dD } @

\ /




Implicit unrealistic correlations in hydrometeor size distributions:

= Assume closed-form diameter distributions (e.g. exponential or I'):
In the models, typically assume N, constant and u = 0.

What that implies is:

3 C(u+1) D
(or J i”(lz)) pN®) dD = T <:++4>“+1

ﬂ—pNOD



Implicit unrealistic correlations in hydrometeor size distributions:

= Assume closed-form diameter distributions (e.g. exponential or I'):

In the models, typically assume N, constant and u = 0.

0 . 0 24
What that implies is: D, = q
7PN

In particular,
* D, /q=constant, and

« max(D,)/min(D,) = max(g)/min(q)



Implicit unrealistic correlations in hydrometeor size distributions:

= Assume closed-form diameter distributions (e.g. exponential or I'):

In the models, typically assume N, constant and u = 0.

0 . 0 24
What that implies is: D, = q
7PN

In particular,
* D,/q = constant, and
« max(D,)/min(D,) = max(g)/min(q)

But 3.5mm /0.5 mm # max(R%)/min(R"°) = 100 mm/hr/ 0.1 mm/hr



Implicit unrealistic correlations in hydrometeor size distributions:

In fact, hydrometeor data suggests D, ~ ¢"? * white noise

D, ~ q" behavior in profiler data

is consistent with TOGA-COARE

and Kwajex data

Doppler profller (Darwiny 19,20, 22 anda 23 2006)
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Implicit unrealistic correlations in hydrometeor size distributions:

= Assume closed-form diameter distributions (e.g. exponential or I'):
N(D)=N, D" e

Fixing A is at least as problematic:

[pD’ND)yaD 4
= fD3N(D) i @
/f(D—Dm)z D3ND) dD) D
= fD3N(D) dD @

\ /

The above imply:

2, 2
D, /o D
D,6 =—"—"" = —t=const ,ie. g, = const D,%S
A o




Implicit unrealistic correlations in hydrometeor size distributions:

= Qbservations indicate:

1.5 :
o, =const-D, =~ *noise

om VS. Dm, Each Pixel is log10(coypfyRtratiform, 19-23 January 2006

1.8

-

“

@
T

-
NN
1

W
o
1

@
[N
1

<
I~
I

LIS (e e e e v |
| - ! : I /

— — Bringi 2DVD Huntsville; o, =0.275Dm"™% | =,

mu=20
mu=5
— — mu=10

sigma®m (mm)
. v
1

=
&
1

0.2

0

B

||Il||||II||||Ill|||I[l|||I|l||l|ll||ll||||l

Zhang et al. (2003) ji- A relationship .

-

- sigma_m = 0.4 Dm*1.3

0.5 1

Dnpgnm)

25 3 3.5

2.5

0.5

0

(0, = const D,%S)



Furthermore, wis neither O nor constant (& neither are N,, A):

15

Darwin profiler, January 19+20 (blue), 22 (red) and 23 (g

reen), 2006
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