Data Assimilation
- AO1. Introduction -

Shunji Kotsuki

Center for Environmental Remote Sensing / Institute of Advanced Academic Research
( shunji.kotsuki@chiba-u.jp )
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DA Lectures A (Basic Course)

> (1) Introduction and NWP

> (2) Deterministic Chaos and Lorenz-96 model
> (3) A toy model and Bayesian estimation

> (4) Kalman Filter (KF)

>~ (5) 3D Variational Method (3DVAR)

> (6) Ensemble Kalman Filter (PO method)

> (7) Serial Ens. Square Root Filter (Serial EnSRF)
> (8) Local Ens. Transform Kalman Filter (LETKF)
> (9) Innovation Statistics

> (10) Adaptive Inflations

> (11) 4D Variational Method (4DVAR)
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Brief Understanding of DA

<
DA is a kind of optimization.

It is just a “tool” for empirical science.

/
\
Since DA uses observations,
forecasts must be improved “easily”!
J
\

No, DA is not a simplistic optimization
Studying DA provides you deeper
understating on stat. math & dynamics.




Role of Data Assimilation in NWP

Necessary researches for achieving better predictions
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Essence of data assimilation

a case of sea surface temperature
10 obs stations
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Data Assimilation

pivotQR reconstruction r=10 p=10 2018 Jan

How can DA do this?

Because SST can be represented as a superposition of modes.

2nd mode: ENSO

IMPORTANT MESSAGE!
3rd mode: ENSO Modoki?  The essential degrees of

1st mode: average
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Eigen modes (low-dim features) exist in many images

Facial images can also be represented as a superposition of modes

face image 1st mode 2nd mode 3rd mode rth mode average
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Represented
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DA Research Strategy

1. math & toy models

(e.g. Lorenz 96, n~0O(102), p~ O(102?))

2. intermediate models
(e.g. SPEEDY, n~0O(10°), p~O(1O4))

3. realistic models
(e.g. NWP, n>0(108), p>0O(108))
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DA Study w/ 40-variable Lorenz-96

Lorenz-96 model (Lorenz 1996) Forj 1..N Xj:ij
dX; /dt = (Xjy1 —Xi—2)Xj-1 — X; + F
Advection term Dissipation term Forcing term
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Training Course of Dynamical Model and Data Assimilation

January 31, 2020, Shunji Kotsuki
updated 2020/03/19, 2020/06/29, 2021/07/15

By : @5 N¥EE7 1 Lorenz @ 40 =74 (LUF L96; Lorenz 1996) # {#i - THEED
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Purpose: Using the 40-variable dynamical a.k.a. Lorenz-96 (L96; Lorenz 1996), we are
going to perform various experiments with multiple data assimilation (DA) methods. By
actually coding a data assimilation system from scratch, you will acquire practically "usable”

basic techniques related to mechanical modeling and data assimilation.




Ex) Variance Inflation (KF, EnKF)

Empirical treatment for variance underestimation due to

(1) limited ensemble size SN b

(2) model nonlinearity me =X a>< P

(3) model impe rfection inflation factor (a tuning parameter)
L Lorenz;zﬂmmm DW 0 ,_LorenS6KF 10% fltion OBER=10
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RMSE = /¥ (x — xt™)2 /n Spread = \/tr(P?)/n = ¥ {(x — xt")2) /n
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Forcast Observations
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Text Books
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Environmental Prediction Science, Kotsuki Laboratory, Center for Environmental Remote Sensing (CEReS), Chiba University /
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Data Assimilation Training Cour é(in Japanese & English)

PythonMannual_v20210928.dox

KotsukiLab_L96Training_w20210916.zip
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Training Course of Dynamical Model and Data Assimilation

January 31, 2020, Shunji Kotsuki
updated 2020/03/19, 2020/06/29, 2021/07/15
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Purpose: Using the 40-variable dynamical a.k.a. Lorenz-96 (L96; Lorenz 1996), we are
going to perform various experiments with multiple data assimilation (DA) methods. By
actually coding a data assimilation system from scratch, you will acquire practically "usable”

basic techniques related to mechanical modeling and data assimilation.

F¥E: LTofErE6FEEL, BRLTw <, #RAEEL7 72 74— Lidlbik
Vi, FIRED MTG IKEwT, FEHMGESZHE L, BEG2EN L T <, BRIZ MTG
Ofd , BETGEEZ T 5. EHSEC2»TE, Fic by phthud, TREE0%
%7 python 230, 4 BE CcRA(ERECo—F 4 v 74 23H, Thuek,
BETERFSE & 8L TIEL <BH{EL T 22 BERR T E L,
Method: Implement and solve the following problems yourself. Any programing languages or
platforms can be used in this exercise. At the Kotsuki Lab. mtg, each personnel will report the
progress, and try to solve the problems. Questions are accepted during the MTG as well as at
the office when necessary. As for the programing language, python, which is easy to perform
matrix operations, is recommended unless specific language is preferred. Also, vou should
code in double precision instead of single precision. Otherwise, confirming whether

performing properly or not compared to the previous studies will not be possible.
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// Purpose: Using the 40-variable dynamical a.k.a. Lorenz-96 (L96; Lorenz 1996), we are
// going to perform various experiments with multiple data assimilation (DA) methods. By
BFEIZTYVIEONT / actually coding a data assimilation system from scratch, you will acquire practically "usable”
T // basic techniques related to mechanical modeling and data assimilation.
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o BARREER AR B menn R Method: Implement and solve the following problems yourself. Any programing languages or
’ platforms can be used in this exercise. At the Kotsuki Lab. mtg, each personnel will report the
Training Course progress, and try to solve the problems. Questions are accepted during the MTG as well as at
the office when necessary. As for the programing language, python, which is easy to perform
Data Assimilation matrix operations, is recommended unless specific language is preferred. Also, vou should
Training Course code in double precision instead of single precision. Otherwise, confirming whether
RN A e performing properly or not compared to the previous studies will not be possible.
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Text Books

@ ¥OD< (upon requests)
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https://kotsuki-lab.com/ 4 (Conceptual Explanation) 1
14
14
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contact information: shunji.kotsuki@chiba-u.jp Dynamics) 1
Fross 1
F (L96; HATE 1) 1
£ (EAE 2) 13
iman Filter) 16
16
il 17
J£533% (O1 & 3DVAR) 1
: 1
21
P 4 A% (EnKF) 22
22
6.2. Hify 22
6.3. WMIALRYE (PO i Perturbed Observation) 22
6.4. 3ZA Ensemble Square Root Filter (serial ENSRF) coocvuucvuuriunnieceiiceiiesssieeisaeceaas 22
65. T ¥y INEHEA N7 4 M2 (ETKF) 2
6.6. BAFTENT 4 v TANEEAN Y 74 M B (LETKF).ooieiiemeececeemccecenaceccnnnceeeen 22
7. 357 (covariance inflation) 2
7.1 (R 2
7.2. multiplicative inflation 2
7.3. WoricELk 2
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Data Assimilation

Methods, Algorithms,
and Applications
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For Beginners of Python

> Further Information

> https://kotsuki-lab.com/internal-pages/

Python Programming Training
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Python ZO¥ 35 ##

HERF FH{ESE - python¥ =27 )L AP94E (in Japanese & English)

20205 RE. TOIFIVIOFUNHICBLELLT OS5 LidpythonTT. /
MRECHRMAALN—BIFICERLTEF V=2 7L T . BBUPDATERTY,
Fi BRERCAT TEE L RERTT /

Python £ FIML 110 E 5 - MABAR T AP
Python Training Course for Earth Science

PythonMannual_v20220808.docx

Python Z F| AL - #th Bk Fl 2 - B E AT A P9,
Python Training Course for Earth Science.

FHEAF FWRV T+ v iR 22— R RE
Kotsuli Laboratory, GEReS, CGhiba University:

https://kotsuki-lab.com /v

contact information: -

shunji kotsuki®chiba—u.jp+
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Python Training Course

HERFLS: - Python A["] / Python Training Course for Earth Science (ver 2.0

HiBREE S - Python A["] / Python Training Course for Earth Science (ver 2.0}

S

1. (U #iZ (Introduction)..
11 754 Python B HEET 5 070 2 (WHY PYHIONT) —oereooeoeoeoeeeeceeee oo e ese e eee e
13, MV & M (Request and appreciation)
14 Python 0 # %7 » B — I Downloading Python
15 AROEEHE (Castion) oo
16 A7 07 FOIETOT Howtorn the senipt)
17 747704 = =D (How to install the lbrary)
18 /— 7w 7 OF %DM {1 (Introducing useful features of notebooks)...

2. JEATET (BaSIC EXEITIEES) .oiemeecveeessereeemscseee s ceseesssesssseessseesmsesssseessses e sasenemses ees s
2.1, BEAHTL (BaSiC OPEIAHOIEY ..omoceoooeeceeoeeeeseseeeesseeeesesessssseeeessceeeessseeeesseeeemmssesemmeeescemeesmseseeemsescesmessssmee
22 WEEEY (VAriEb1eS B BITAYE) oo oeoeceeceeerce e ceecn s eeeme oo ss et e st ent oot s s mer e e
23 e (Control statement)._.......ccooooeeees
24 Fr Ao AH] (File input / output)
25 #7 70l (Drawing a graph) ... .
26 seript I0 K BT (EH) (Command execution by seript (review)) o 54
2.7 Python O [HBE A A0 0% b L (Common mistakes in Python) . 56

3. Python 2 L & 7 F = b 77— X OFENT (Text data analysis with P}"Lhon)
300 MR 2 264> 7 (Whatis anatysis?)...
3.2, Wilire UFE (Analysis process).... ST OO U OOUO R OUO RO UROOORTOORROOOOOPRIOY . -
3.3, Wiy 7 7 ok (Creah.ﬂg an integrated bargraph) OO -

4 Python [ L % +94 F 1) F— & DL (Processing binary data with Python) .. Bl¢
41 #9440 F—2 2T (What is binary data) oo
42 HOLF — & OF — 2 FENTIE (How to store 2D data) ..
43 @ikt — 2% 5 TR (Process of handling satellite data) .
44.C0 7w AL E @74 F ) F— 2 UL (Binary data processing with Ct file) . 8T«

5. P;nhuu I2 k25— % o7 (How to obtain data with Python) oo 102¢
il : u)l-l’i"""_rrlm (How to obtain data)

# & wn—F (Data download) ...

Ithlfa'\'u’lﬂ I (Creating images)....

SNEE Ry 1 | Ee (Tlme zeries graphb}'countn-) SO NORUR, K11 'S

L NTPEY (Weighted average) .o 1326

i

b ow
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U| J‘-‘- UJ IJ

Structure of this manual
1.3. Eequest and appreciation..__.....
1 Downloading Python..
13 Caution...
16. Howto run the smpt
1.7. How to install the library ..
18 Intrnd.ucmg useful features of noteboaolks .
Basic exercises..
2.1. Basic opm'atlons.
232, Vanables and arrays
23,  Control statement......
2.4.  File input and output....
25 Drawing a graph ..
2.6, Command execm:lon m script (review’
2.7, Common mistakes in Python...
Text data analysis with Python .
3.1, What is analysis ...
3.2,  Analysis process ...
3.3, Creating an integrated bar graph .
Processing binary data by Python.
4.1.  What is binary data...
432, Data storage method for two-dimentional data
4.3, Process of handling satellite data...
44, Dealing with binary data with ctl file . .
How to obtain data with Python ... 101+
3.1. How to obtain data...
32, Downloading data...
3.3. Creating images ..
34. Time series graph b} cou.ntr},'
3.3, Weighted average..
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For those who would like to

- deepen understanding on DA
>~ =2 you will understand the essence of DA

- Use DA for research
>~ = you will acquire practical skills

> improve programing skill
>~ = you will improve programming definitely

~ know numerical weather prediction
>~ = you will be more familiar with weather



Let's Start!
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Today’s Goal

> To understand numerical weather prediction and the role of the data
assimilation

> To be interested in data assimilation



Data Assimilation
& NWP
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Numerical Simulation w/ Computers

Prediction
Model

Initial State
(present)

Predicted State
(future)

iterative computations

an example
of billiards .




Numerical Simulation w/ Computers

Initial State
(present)

Prediction
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Predicted State
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Numerical Weather Prediction

wind, temperature, humidity, pressure

WY Science
& Laboratory

wind, temperature, humidity, pressure

Initial State Weather

(present) Model

Predicted State
(future)

Prediction

iterative computations

Real Earth

discretize

— "y
\
\

wind, temperature
humidity, pressure, ... =LAZEE:

ks
1Ly 1 0
—_ ?
ATMOS 301 ) Reaciormip
Numerical Weather Prediction | &rid point “grid volume”

Eal’th in Computel" Richardson'’s Dream (1920; 200km)
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Physical laws solved in NWP Models

> Fluid Dynamics (a.k.a. Dynamical Core)
~ Navier-Storks Eq. (A ATEN)
» Continuous Eq. (E#HEDTX)
~ Egs. of State (IARESFET)
» First laws of thermal dynamics G EFEE—%H!)

>~ Physics (a.k.a. Physical Process)
~ Aerosol and trace gasses (LZJ7OY)L)
» Atmospheric radiation (#&Y) o BRI
> Cloud and precipitation (£ & R/)
> Land & vegetation (FEHE&HEL) s
> Ocean (/&8¥) - UL

iz - HEE

- Urban (57H)

Bz 1t
RAENZOARER, BAROE—ZAGE

» Etc... thanks to Prof Y. Sato ©IMA



Physical laws solved in NWP Models

> Fluid Dynamics (a.k.a. Dynamical Core)

—V(pv) (Continuous Eq.)
1
=—v\7v—;\7p—gk—fk><v+F (NS Eq.)

00
90" Tvve+l 6 = T(po/p)*/

(Egs. of State)
= pRT

F, Q, and On represent effects of
= —vVq, + Qy physical processes into fluid. (additional terms

e.g., Corioils force is also implemented into F).

p: density, v: wind, p: pressure, k: unit vector for vertical direction
T: temperature, g: gravitational acceleration, g,: tracers for physical process




Simulated Global Precipitation

2014/05/2500:00



Deterministic Chaos and Predictability

Edward Lorenz
Lorenz 63 System Attractor = o

|+5u
f—m
by |
J|_ i} Lorenz 63 model
. 1' x=p(y—x)
lm y=—XZ+rx—y

0 z=Xxy—bz

Chaotic systems have
limits to predictability
even with the perfect model!!

Initial Conditions :: x=y=z=15.000, 15.001, 15.002, ..., 15.009




Ensemble Prediction (e.g. TC)
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Numerical Weather Prediction




Global Observing System
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Observation Data in NWP

LAND SURFACE

Science
Laboratory
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Satellite Data in NWP
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Data Assimilation

Observation
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Real World
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Workflow of DA

Model (t=>t+1)

A

Analysis

>

Forecast

Observations




Workflow of DA

Model (t=>t+1) > Forecast

Sim-to-Obs 4—— Observations

!

Obs-minus-

Analysis N SOIVer “"|  Forecast

A 4




Workflow of DA

- parameter estimation J 4 N

- model selection . !or.edlctlon : .
- init/bound estimation

(inverse problem)

Model (t=>t+1) » Forecast4r

- obs. evaluation
* integrate various obs.

Sim-to-Obs 4—— Observations

!

Obs-minus-

Analysis N SOlver “"|  Forecast

A 4

____________________________________________________________



Interpolation method using the LETKF

Interpolate the global precipitation (P) field based on the LETKF
~-1
x¢ = x? + PPHI [H,PPHT +R,| @ - HxD))

e

\ Background error Observation

First guess covariance

- —= ,

Ensemble | Approximation

“mean

1992
10 yrs 4 1991

1983
1982

1981

10 yrs 7 1973
1972

Daily precip. of ERA5 ™ | \\/:20EEE 365 days
|

I
1st 7déys 7 days

[ = Ensemble
X? € RVM
(N: Num. of gridpoints)
I 0 0
Date for interpolation
Jan.

90N

(CPC rain gauge) *

4 308

PRCP_CU_GAUGE_V1.0GLB_0.50deg.Inx.20120811.RT
CPC_UNL_ precip mm/day
1 | 1 Il | | 1 1 | | 1

Offline
DA




Results: Examples of daily precipitation fields
« 1988/11/15

First guesS  (a) Background (from ERAS) (b) CPC_gauge Observatlon |nput
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0° 60°E  120°E 180°W 120°W 60°W 0° 60°E  120°E 180°W 120°W  60°W 0°
Longitude Longitude

Based on the OI(c) CPC est Interpolatlon (d) LETKF est Th|s study
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OI: optimal interpolation Longitude Daily precipitation (mm day~?) Longitude
-

100 101 102

= Successfully estimated



AI-based Weather Prediction w/ DA

AI mOdel (VIT) ObS . fa) [AN] RMSE (solid) Spread (dashe EnKF can used for
(Cyber Space) (Rea| Word) | TSOO (observed) Al- based model'
e e A\nL il stably
2. 151 YRR » 4 run m'ng
0.6 :r_'._l._‘__:.j;._.-;f.:j_-:.- — RMSD, S Spread EE%gEE E different
0.3 : - - - = loc scales
2017/01/01 03/01 05/01 07/01 09/01 11/01 12/31

(b) [AN] RMSE (solid) Spread (dashed) Geopotential Height [m] at 500 hPa

® ClimaX-LETKF Experiments °l 500 anobserved ML ]
- low-res. ClimaX (w/ modifications) I | b |

E %0 | 5'!{. _IJ': | I

- 20-member LETKF N )

- Obs: psuedo radiosondes ,u,v.Q Psg »| Hafns *\ VAl J».,} P
® Verification (RMSD) 2 ) _

_ i _; o l[“ s00km — || dlifferent
- against Weather Bench (ERA5) i RMSD Spread Cattm — JJjoc scales

2017/01/01 03;’01 05:’01 07!01 09/01 11/01 12/31

date  Kotsuki et al. (submitted)

o 500K, w/




Model Parameter Estimation

Berry (1967)'s LSC scheme
' B1]> p : air density P__z__>/< >
P= D P P: precipitation rate pata Assimilatio

B? +B3& [ : cloud water mixing ratio
pl  Nc:total # of cloud droplet

Parameter Fields estimated by LETKF Radiational bias mitigated

(a) Estimated B1 Parameter (LWP—L200km) Period: 2015010100 — 2015123118 (VS. CERES)
os T = I
s o0 OLR ——=3
(T e OSR /™

—
(6)]

&

Mean Bias [W/mz]
o

"~ F, ! . 5 |
o-‘ ]
ol v -
605 _— hhﬁ - . _-_AJ
- o N
0 |
=
0 60E 120E 180 120W 60W
R [ I I I I am T _-—-
0.005 001 002 0.05 007 009 0.1 0.4 0.6 0.99 CTRL TEST

w/ 112-km NICAM- LETKF Kotsuki et al. (2018 JGR; 2020 JGR)



Sparse Sensor Placement: for improving B/C of obs

Latitude

AMeDAS AMeDAS stations
%

®

219 gauges
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Forecast Sensitivity to Observations

@ analysis time verification time
g i
[ :
© 1
@) |
= I
: —a 2 : truth state
! K 4/i/ (unknown)
/W * reference
-6 0 t time (hrr)
Moist Total Energy for Error Norm
2 (.T T _ </ _ ERAANL
Aey . = (eﬂoCeﬂO — et|_6Cet‘_6) /2 e =X —X,
1 1 T Iw7a
~ - ST
~ 5YO R YO Xt|0 C et|0 + et|—6
2m-—1

EFSO can evaluate how each obs improves/degrades forecasts



Evaluating Values of Observations: FSO

EFSO :: Error Reduction in MTE (J/kg x1000) vs. ERA

-30 1

—60 4 &+

—9a0 . . £ . .
—180 —-120 —60 0 60 120 180
O Beneficial observations 2014/07/11/00UTC; vs. ERA interim

® Detrimental observations Kotsuki et al. (2019; QJRMS)




Evaluating Values of Observations: FSO
0

-0.1 |
-0.2 |
-0.3 |

satellite

KE, PE, ME [J/kg]

-0.4 | observations
‘05 i ;‘:»:.
0.6 | B ME : Moist Energy
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average in July 2014; FT:06hr; vs. ERA  Kotsuki et al. (2019; QJRMS)
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Today’s Goal

> To understand numerical weather prediction and the role of the data
assimilation

> To be interested in data assimilation



jihank§yollfogyoldattention!

Presented by Shunji Kotsuki
(shunji.kotsuki@chiba-u.jp)

Further information is available at
https://kotsuki-lab.com/
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