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Four types of errors:

Model errors
Systematic errors
Representativeness

Synoptic errors

Non-systematic errors
Small scale “noise”
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What we should do

Point observation

ystematic errors mainly
because of short

comings in the physical

parametrization

‘ cht

Grid box average
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The systematic errors we
want to correct for are not
only 1-dimensional “flat
biases” . ..
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"Bias”?

ObS‘TfC:
correction

A

6/3/2016

Corr = A(t)
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ObS‘TfC:
correction .

o -

6/3/2016

>

ch

It appears as if the old bias
has abruptly changed into a
new one
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ObS‘TfC:
correction .

A

Systematic

@ arror >
LI T Ul

. ch

Corr = A(t) + B(t) - T,

In reality the systematic error has stayed more or less the same,
but defined by two coefficients, A and B
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Mean errors are not the only
“systematic” errors

a) A mean error which is much smaller than
the variance does not point to any
“systematic” error

b) In the opposite case we are dealing with a
plain bias. But that is not the only type of
“systematic” error

c) Errors are systematic if they can be
described/explained by a (linear) equation
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Err|  Flat “true” bias _
JeLe Systematic
. o ©. © errors can be
®9 o
T, more complex
than a “flat bias”
Apparent ...but when projected
non-systematic Into an additional
BITOTS. Erry o Err dimension they
® ® . appear to be
® o © systematic
O . .
O O
° o ch ch
¢ T850;,
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A very, very brief
Introduction to the adaptive

Kalman filtering procedure
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T

C

Expected
error

- Obs

2-dim error equation

S

g0l
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Last NWP forecast
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. - 0bs

T
2-dim error equation

Obs error % '
error

21
I T e I
Last verified
NWP forecast
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T;. - obs

2-dim error equation

Slightly modified
values of A and B

Next
forecast

fc
Expected
error
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The historical background to
Kalman filtering and its
classical application
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The origin of the Kalman filter 1960 —
launching intercontinental ballistic

missiles

6/3/2016

W Estimated position

k/ '/ Ground radar
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The origin of the Kalman filter 1960 —
launching intercontinental ballistic

missiles
7
//
g Track uncertainty
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) e Corrected track
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/ e
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i/, Observation error
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0 Estimated position
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Latest Remote
observed observer
position Rl
Intended o
position il

True
position

Estimated
position
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Kalman filtering of non-accelerated motion
Poor observations of object moving with about 10 m/s

1 l 1 l = I ' I I
800 e Observed positions
{4 ~ Estimated positions
= « True position 2
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Kalman filtering of accelerated motion

Poor observations of an 10 m/s**2 accelerated object

3000 ' ! ' | ' l ' |
i ® Observed position
2500 - Estimated position o
| = =« True position °
Intended position
2000 —
S 1500
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1-D Kalman filtering

corrects for mean errors ("biases”) but can also
llustrate the basic philosophy, here in three ways

1. Pictorial description
2. Mathematical derivation
3. Graphical illustration
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How IS It
done? The
pictorial version
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ObS‘TfC:
correction

The filter makes a cold start
l.e. no correction is applied

The assumed covariance

of a cold start

6/3/2016
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Obs-T. = The latest verified
fe numerical forecast
correction
A
--1t~“Fherdeal-1----1-----""--- SR
correction ,’ \
(=the inverse \ . |
of the error) S /

and Its error

6/3/2016

The forecast
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ObS‘TfC:
correction The latest verified
numerical forecast

6/3/2016

...makes the filter
change
its value and the initial
uncertainty is shrunk
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ObS‘TfC:

correction
A

6/3/2016

ch

The correction is defined by the relative
size of the observation uncertainty and

the filter uncertainty
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ObS‘TfC:
correction

The ideal correction (=the inverse
of the error) and its error

6/3/2016

...makes the filter

A new forecast

change

its value and the initial

uncertainty is shrunk
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ObS‘TfC:
correction

A

6/3/2016

\: """""""""""""""""""""" > ch

The correction is again defined from
the relative size of the observation

uncertainty and the filter uncertainty
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ObS‘TfC:
correction

A

Finally we end up with the filter
oscillating around a mean state with
a certain variance (uncertainty)

This uncertainty have a lower
threshold and can never be =0,
which would “lock” the Kalman
filter
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How IS It
dOne?Tm

mathematical derivation
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We introduce the "first guess” values We now introduce &, {0 <6; < 1) which
Y.~the observedforecast errorat verification time © indicates how much of the difference between
Koa = P Koy Yy and Xepe-sthat shall modify Xepeq

}/;— = Ifcf - TObe where A.=1-F,, where F, << 1 and Xn’r =Xr.n'r—1+6r(}’r _Xr.n’r—l)‘

Y. is the sum of the ideal Or- 10 be discussed later Assume that the errorin our estimation of y.is &;
T
correction y; and the noise v,

X T wihiech isids

The difference between the "first guess” value Zr
Y = Z —I— YV Yoz @nd the observed value Y, must obviously affect
T (4 T

how much we shall modify Ky ‘gr =7.—X, _Er{Yr_Xr.fr—l)‘

- o " n
P
e ]

The (co) variance term which indicates
the (un) certainty of our estimation |ODV{-5}) = COV(Zr —Xn- ,) = Qﬁr

And With thendiseterm

1;; = Zr +vr

The uncertainty of

E:.':.ZI:.'_Xra'r—l _5r(xr+vr_Xn'r—1}| Y =y +y = ‘mv&r_xﬂr—l}zgﬂr—l
T T T

} s vy )=D
B e mATMEEe e depends on sub-grid turbulence, non-systematic

SYNOPTiC £rTors or Measurement errors, what we S
—i1_ _ _ choose to call the observation error D, e
& T (1 Er}( z T X, 1) r—l) 5rvr

Q.. =(1-8)'Q,s+8°D,

dg,
W dmmrantine dg."f = _2(]_ 51')Qr,ff—1 +2Df5r _ Qn’r—l

_ 2 2 T - 5rmh = D
Qr.rr - (1 - Er} Qr.fr—l + 51' Dr T +Qra'r—1
S Erth T _(]_Er)Qn' =1 0
—.with oot 2
dg, QﬂrZQﬂr—l(]_Er)z_"Dzﬁr
ﬁ = _2(1_5:.')Qn' Mt 25r Dr (5 _ Qrf -1

T

the updeted forwerd |oofvarinces became

e D‘l’ + Qf:h:—l Oraye = Qra'r(] - 5,2)+D,§r2
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How IS It
done?

The graphical illustration
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Assume an unknown process X which can be
1-dim (the mean error or “bias” of NWP) or N-

dim (the N coefficients in an error correction
equation)

T-1 T T+1
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We have at 1-1 an estimated value X, 4., of the
unknown process X with variance Q. 441

T-1/1-1
// T \
. @ K11
T-1 T T+1
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We carry X forward in time by a linear model A,
assuming that the variance increases slightly

>(T-llf-l QT-l/T-l +C
. @— :
Nt > A Xr1r1
T-1 T T+1
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We have a predicted estimate, X, ; and Q.. ;
similar to the “first guess” in numerical weather

prediction

L= Q T/T-1

, N

- @X,)
- \ 1/1-1

\\ ) X
T-1 T T+1
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The observation Y, , with variance D, of the
unknown process X will modify the “first guess”
value X 1

T-1
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The weighting together of D and Q,,_; yields a
variance of the new estimation X, and Q.

T-1
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The new estimation of X.,.. and

chhr

T/T

— .’ QT/T

\
|

ST /T

T-1 T T+1
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The new estimation starts with
prediCting ><T+1/T and QT+1/T

T-1 T T+1
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...and a new observation arrives

,—--XI+1/T

AT . QT/T+ C

= Q
K+l

New Y.

T-1 T T+1
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1-D versus 2-D
Kalman filtering

There are fundamental differences
between 1-dimensional filtering and
multi-dimensional
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24 hour 2 m temperature forecast for
Kiruna in Lapland winter 2001-2002
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Temperature (C)

A 1-dimensional Kalman filter
reduces an overall bias

10 |
]
5 - » :
fﬁgl* Correction out of step

The

1 corrections
yielded a
reduction of

- the mean

e €rror from 2.6
| to 0.3 and

. RMSE from

'50to
35 - 4.2

_4{] I_ . 1 . 1 . 1 . 1 . 1 . 1 . 1 . J
0 10 20 30 40 20 60 70 a0

20 October 2001 - 10 January 2002
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Temperature (C)

A 2-dimensional Kalman filter system also
Improves the forecasts of the extremes

10 -
|
° . s * <Correction not out of step
L ] »
071 @0 _ M‘ Two good
Ay .
5 \,;Vm“[' | achievements:
; » '. \ | . The Kalman
—_ I K . .
Lﬁw A filtering has
18 o | reduced two
Vool .
20 - iy systematic
e | errors: a positive
o OBS [ . mean error and
=30 ——- DMO E an
——— KAL . .
-35 - - underestimation
40l .\ ofthe variability
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20 October 2001 - 10 January 2002
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Why does the improvement not show up in the

verification?
10 r ' T ' ' ' T '
5 . | The corrections
0 e % o ' still yielded a
\‘. [ S U\ . 4, reduction of the
i N o ﬁ 7 2(Vs mean error from
S ol . \ : Y :i ‘-"mﬂ 2.6 to 0.3 but the
ry on |“*J| \ lil': '4| j \.j ' \
2 5. % @ f;r* ‘ ""fﬂll’-a?' ' RMSE from 50
2 Vo el TV
Vol L A
E 20 '\HF Ll'uulj%;'ﬁu_,.j L'll 'll | ' only to 4 6
_ | I o e |
25 e I~ M\I and not to 4.2
* 0BS oo Y .
=00 - pMO . * o ' as with the 1-D
................ KAL ]
-35 1
Is the 2-D
-40 N

o 10 20 3 40 s e 70 80 worse than

20 October 2001 - 10 January 2002
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Now we will swap the observations and
forecasts. This will not change the size of
the errors

But the forecasts
become over-variable
compared to the
observations

6/3/2016 Kalman filtering Lecture 11| 46
Anders Persson, Uppsala



Observations and forecasts swapped so
that the forecasts become over-variable
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After 2-D Kalman filtering the RMSE Is
_now reduced from 5.0 t0 2.9

That Is
much
more

compared

to when it
was

| | . reducedto

g | =7 et ” - only 4.6

—— Kalman filtered values

_4.[] L . 1 . 1 . 1 . 1 . 1 . 1 . .
0 10 20 30 40 50 60 70 a0
20 October 2001 - 10 January 2002
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Not only “biases”

A 2- or N-dimensional filter does not only
correct mean errors ("biases”) but also
systematic over- and under variability
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ObS'TfC:
correction

Corr = A(t) + B(t) - T, t

_/ \_ ch

ild temperatures
get warmer

A
Cold temperatures The variabilit
get colder
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Obs-Tf(_;:
Corr = A(t) + B(t) . TfC correction

T/Varm temperatures

et colder T

Cold temperatures
get warmer

The variabili
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Break
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