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Stochastic disaggregation ...

» there are many scale problems in hydrology

» for some of those cases, proposition to defend:

sometimes it is better to
adapt the data to the model
then the model to the data

» defend this with one man-made example
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Outline

» the example (and this should be very representative)
» the scale problem

> the “usual solutions” (adapt the model)

» the “other solution”: adapt the data

» technique of stochastic disaggregation
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The example: input = time series

‘  Jw% N

5 T T T T T
4 - —
w3 ]
S -
1 l |
0 1 | 1 | 1 | 1 | 1
0 200 400 600 800 1000

time

disaggregation



The example: input

flux
o = v oW oa o

0 W w0 o0 w0 1000 » not continuous

time

disaggregation



The example: input

5
4
53
:EZ
1
0 L L L . .
00 A0 G0 800 1000 » not continuous but discrete
3 :
2 - —
5
=
1
100 200
time

disaggregation



The example: input

.\
53
:E2
1
0 L L L . -
O W0 4060 80 1000 > not continuous but discrete
resolution = finest scale
2 = —
g | |
&
1 |
0 L | L
100 110 120
time

disaggregation



The example: input

flux

I
0 200 100

e 008001000 » not continuous but discrete
resolution = finest scale
) > non-gaussian
;

disaggregation



The

example: input

flux

o]

I
100

time

I
600

800

1000

» not continuous but discrete
resolution = finest scale

> non-gaussian

> positive

disaggregation



The

autocorrelation

example: input

5
4
3
=
1
0 ! !
0 2000 400 600 800 1000
time
''''' ‘}HH
[ T
. . . . .
o 5 10 15 20

» not continuous but discrete
resolution = finest scale

> non-gaussian
> positive

» dependency

disaggregation



The example: input

flux

- o o e o

O > not continuous but discrete

resolution = finest scale

I
0 200

> non-gaussian

- : . ' > positive

» dependency
non-linear

Qinfi+1]

Qinfl

disaggregation



The example: input

flux

I I I
0 200 400 600

S0 1000 > not continuous but discrete
resolution = finest scale

time

> non-gaussian

> positive

» dependency
non-linear

» periodicity

disaggregation



The example: input

flux
o = v oW oa o
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S0 1000 > not continuous but discrete
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> non-gaussian

> positive

» dependency
non-linear

» periodicity
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The example: the model

o= Qul) - Qi) - Qult)
Qu(t) = max {1«1 « V(t).U}
Qo(t) = max {kz « (VD) — v,,),o}
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The example: the model

o

Q1(n) = max {k1 * V(n), 0} Q2(n) = max {kz * (V(n) — Vc),O}
V(n+1)=V(n)+ Qin(n) — Qi(n) — Q2(n)
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The example: the model

» based on mass balance

> storage generates memory
(=time dependency)

» non-linear

» well known structure, no model
error (lab)

» determined by parameters
(assumed known):

k1 =05 k=05 V,=25

Q2(n) = max {k2 * (V(n) — VC),O}
V(n + 1) = V(?’L) + Qin(n) - Ql (n) — Qz(n) disaggregation
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The example: output
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model+input
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The problem

sometimes
resolution of available input
is to coarse compared to the
resolution needed by model
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Resolution of the model=1
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Resolution of the input=10
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Solution 2: use the structure of old model

O = Qu(0) - Qi) ~ Qa0
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Solution 2: use the structure of old model
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dV
i Qu(t) — Q1(t) — Qa(2)

Q:(t) = max {0.45 «V (D), o}
Qalt) = max {0.31 % (V1) - 2.4),0}

2

0%
70 80 90 100 110 120 130

time

» parameters “fitted”
(assumes some high resolution
data available)

> new parameters are called
effective
par ‘ true ‘ effective
ki | 0.5 0.45
ko | 0.5 0.31
Ve | 25 2.4

disaggregation



Solution 2: use the structure of old model

W Qi) i)~ Q)

Qu(t )—max{ﬁ 15 % V(¢ }
Qo(t) = max{().(%l * (V( ) — 2. ),0}

2

Lo ]

70 8 90 100 110 120 130
time

parameters “fitted”
(assumes some high resolution
data available)

new parameters are called
effective
par ‘ true ‘ effective
ki | 0.5 0.45
ko | 0.5 0.31
Ve | 25 2.4

effective parameters =
model + statistics input/output

disaggregation



Solution 2: use the structure of old model
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Qu(t )—max{(l 15 % V(¢ }
Q-(t) = max {().(%l * (V( ) — _.4), [)}

Lo ]

70 80 90 100 110 120 130

time

parameters “fitted”
(assumes some high resolution
data available)

new parameters are called
effective
par ‘ true ‘ effective
ki | 05 0.45
ko | 0.5 0.31
Ve | 25 2.4

effective parameters =
model + statistics input/output

can not be transfered to other
cases

disaggregation



Solution 2: use the structure of old model

2 - : . : .
1 mﬁmmmﬂ.ﬂmwt}n
0 200 600 1000

tlme

bad result due to non-linearity of the model

disaggregation



Solution 2: use the structure of old model
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Solution 3: use new type of model
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Solution 4: use new data with old model
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use new data with old model

4
3 | |
l
Zob | n W \“ m
,'l it MM P T T ‘y",‘w
- l il g I i "
L 1 1 L 1 L 1
0 200 400 600 800 1000
time
3 4
—3F -
— .
Lo ,
£ L
S L ]
0 ‘ 0 L
100 200 0 3 4
time

disaggregation



Solution 4: use new data with old model
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Solution 4: use new data with old model
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Solution 4: use new data with old model
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Solution 4: use new data with old model
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Solution 4: use new data with old model

Empirical distribution function
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Solution 4: use new data with old model

Empirical distribution function
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Technique: disaggregation
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Technique: disaggregation
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Technique: disaggregation

v T eI el aggregation = simple averaging
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Technique: disaggregation
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Technique: disaggregation
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Technique: disaggregation
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Technique
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V[T] = variation at level T
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Technique: disaggregation

V[T] = variation at level T’
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Technique: disaggregation

V[T] = variation at level T’
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variation reduction function
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Technique: disaggregation

How to measure statistical variation?
V[T] = variation at level T’

0.15 1. for “standard” data: classical
variance

V[T] = VAR[X 7]

= 5[x3] - (E[Xr])’

variation reduction function
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Technique: disaggregation

How to measure statistical variation?
V[T] = variation at level T’

0.15 1. for “standard” data: classical
variance

V[T] = VAR[X7]

= 5[x3] - (E[Xr])’

2. for “positive” data,
not symmetric around the mean:

V[T] = VAR[X7]
= E[— log(X7)]+ |0g(E[XT])

variation reduction function
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Technique: disaggregation

o 0 measure of variation # variance
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Technique: disaggregation
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distribution is not gaussian
gaussian = symmetrically around
mean

0.2

disaggregation
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Technique: disaggregation

disaggregation
» = stochastically reconstructing
variation by simulation
0 200 400 600 800 1000 proced ures

time

> variation is given by
expectations (of logarithms)

0.15

0 200 400 600 800 1000
time

0 200 400 600 800 1000
time

disaggregation



Technique: disaggregation

disaggregation = (mathematically spoken)
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Technique: disaggregation

disaggregation = (mathematically spoken)

viT)

015
012 4
009 i
0061 4
003 K
0 a0 a0

simulate X (1), X(2), ... X(n) ...given: """’

in the example

in general
lg. E[X] 1. E[X(4)]
2 v[xi] 2 B-log(X())]
3. V[X3] 3. E[—Iog (X(Z)+;((Z+1))]
4. : 4

disaggregation



Technique: feauture based modeling

Moment problem
Given functions ¢;(z) and corresponding numbers 1/, find a
probability density f such that for j =1,... K:

[ do 1ta) es(a) = 11

> o¢;(x): feature function

> M;: given moment
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Technique: feauture based modeling

Moment problem
Given functions ¢;(z) and corresponding numbers 1/, find a
probability density f such that for j =1,... K:

[ do 1ta) es(a) = 11

> o¢;(x): feature function
> M;: given moment

» general statement, makes sense for all spaces, including time
series
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Technique: feauture based modeling

Moment problem
Given functions ¢;(z) and corresponding numbers 1/, find a
probability density f such that for j =1,... K:

[ do 1ta) es(a) = 11

> o¢;(x): feature function
> M;: given moment

» general statement, makes sense for all spaces, including time
series

» problem: does not define a unique probability density

disaggregation



Technique: feauture based modeling

Moment problem
Given functions ¢;(x) and corresponding numbers M, find a
probability density f such that for j =1,..., K :

[ éa $@) o) = 15
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Technique: feauture based modeling

Moment problem
Given functions ¢;(x) and corresponding numbers M, find a
probability density f such that for j =1,..., K :

[ éa $@) o) = 15
Answer : Jaynes Theorem

there is a unique probability
maximizing the entropy

with the following form :
i) e~ 25N ¢i(@)
€Tr) =
Z(A1, A2, .., AK)

where

Z()\l,)\z, .. 7>\K) = /dx e_zj‘ Aj¢j(x)

disaggregation



Technique: feature based modeling: does it work?

Jaynes theorem = theoretical result:

o= 35N 44(a)
xr) =
/(z) Z(A1, A2, .., AK)

Z(M, a3 M) :/dx o 552 65()

But: does it work in practice?
In order to be practical, we need to be able to:

1. to fit to data

2. to simulate

3. to apply it to time series

4. to apply it to disaggregation problems

disaggregation



Technique: feature based modeling: does it work?

Probabilities as from Jaynes theorem:

o= 5N 65(@)
(M, A2s - AK)

f(l‘): 7 Z()\l,)\z,...,)\K) :/dgj efzj)‘jgbj(x)

have one b'g problem:

Z(A1,A2,..., k) can almost never be calculated analytically
but also have one large advantage:

there does exist a simulation technique: Metropolis-Hastings

disaggregation



Technique: Metropolis-Hastings
e_E(I)
T e PO dg

we take any Markov transition kernel ¢(z'|x), and construct a
sequence x(n) as follows:

To simulate from the density: f(z) =

> let x=x(n) be the previous in the sequence
» simulate a candidate =’ out of the density ¢(e|x)
» calculate the acceptance function by :

(e 2) :m{“qu) 1}

e—E(:E Q($/‘$) ’

> let U € [0, 1] uniformly randomly chosen;

>
if U<a then z(n+1)=2a'

if U>a then z(n+1)=2z=uax(n)

disaggregation



Technique: Metropolis-Hastings
e—E(;t)
T e PO dg

we take any Markov transition kernel ¢(z'|x), and construct a
sequence x(n) as follows:

To simulate from the density: f(z) =

v

let x=x(n) be the previous in the sequence
» simulate a candidate =’ out of the density ¢(e|x)

calculate the acceptance function by :

(e 2) :m{“qu) 1}

v

e—E(:E Q($/‘$) ’

> let U € [0, 1] uniformly randomly chosen;

if U<a then z(n+1)=2a'
if U>a then z(n+1)=2z=uax(n)

IMevaluation red part not needed!!! disagaregation



Conclusions

> as a general attitude: replace uncertainty/lack of knowledge
by simulations and ensemble-thinking
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Conclusions

> as a general attitude: replace uncertainty/lack of knowledge
by simulations and ensemble-thinking (and: do not touch
what you know)

» for hydrology and time scale problems = stochastic
disaggregation
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Conclusions

> as a general attitude: replace uncertainty/lack of knowledge
by simulations and ensemble-thinking (and: do not touch
what you know)

» for hydrology and time scale problems = stochastic
disaggregation

» technically (statistics-theory, programming-practice) not yet
finished and not-standard

disaggregation



