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Introduction

bias adjustment
I we do not know the truth
I assume bias of observation/reanalysis to be smaller than bias of

prediction model

deviation between model and observation

Bias adjustment is important

for comparison between model and observation

to reduce uncertainty

to enhance prediction skill

communication

Decadal
Climate Prediction Grieger et al. (FU Berlin) Bias in climate predictions 20.03.2017 2 / 13



Introduction

bias adjustment
I we do not know the truth
I assume bias of observation/reanalysis to be smaller than bias of

prediction model

deviation between model and observation

Bias adjustment is important

for comparison between model and observation

to reduce uncertainty

to enhance prediction skill

communication

Decadal
Climate Prediction Grieger et al. (FU Berlin) Bias in climate predictions 20.03.2017 2 / 13



Introduction

bias adjustment
I we do not know the truth
I assume bias of observation/reanalysis to be smaller than bias of

prediction model

deviation between model and observation

Bias adjustment is important

for comparison between model and observation

to reduce uncertainty

to enhance prediction skill

communication

Decadal
Climate Prediction Grieger et al. (FU Berlin) Bias in climate predictions 20.03.2017 2 / 13



Difference of ”observations“ and ”model“

random data
black: ”observations“

red: ”model“

time series

scatter plot
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mean bias adjustment

random data
black: ”observations“

red: ”model“

(mean bias adjusted)

time series scatter plot

f̂ (t) = α + f (t)
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conditional bias adjustment

random data
black: ”observations“

red: ”model“

(conditional and mean bias adjusted)

time series scatter plot

f̂ (t) = α + βf (t) (assuming normal distribution)
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Climate prediction → initialization

bias depends on lead time: drift
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Bias adjustment: dependency on (τ, t) I

separate trend adjustment for each lead time: non-parametric

Kharin et al. [2012]

Fučkar et al. [2014]

parametric approach: α (τ, t) [Kruschke et al., 2015]

α(τ, t) = a0 (t) + a1 (t) τ + a2 (t) τ2 + a3 (t) τ3

= (b0 + b1t) + (b2 + b3t)τ + (b4 + b5t)τ2 + (b6 + b7t)τ3
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[2015]
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Bias adjustment: dependency on (τ, t) II

Anomaly initialization:
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positive bias for early years

negative bias for most recent years

almost no bias for mid period
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Summary
mean and deviation of the
distribution depends on lead
time τ

drift can be different for
different initialization times

this can also be the case for
anomaly initialized forecast
systems

for analysis, interpretation of
forecast

useful to know the bias
behavior

adjustment enhances skill and
reduces uncertainty
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Genereal Questions I

Which challenges for climate modeling and observations are raised by
climate services?

providing data with small bias
I observations

F long time series (validation and climate diagnostic)
F small scale
F full 4D information

I model data
F resolution: modeling events with high impacts (society) often need high

resolution
F including complex processes
F computationally expensive
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Genereal Questions II

What are the barriers that prevent a faster development of a climate
services market?

technical issue
I analysis is highly complex concerning the amount of data

which time scales are relevant?
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