Building Bayesian models: Why
bother if you don’t believe?
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In more detail ...
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Types of stations
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DEM Height (m)

Data quality issues
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Assessing station quality
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Exploring why — the role of physics and
graphics
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Global Radiation (Wm'z)

Building a model

80010 1400, 00 - 0.0 04 0.3 4.6/ 6.6 2.3
600 to 800f  -0.1 0.0 0.4 0.2 hgI 2.3
400 to 600/ 0.1 0.0 0.3 0.1 3.0 1.8
30010400, 00 - 0.0 0.3 0.1 25 16
200t0300F 00 - 0.1 0.3 0.1 2.1 3.1 13
100 to 200F 0.1 0.1 0.2 0.0 1.5 1.8 0.9

Oto 100/ 0.2 0.2 0.2 -0.1 0.6 0.3 0.3
-10t00. 03 0.3 0.1 -0.2 0.1 -0.5 0.0
VP2(1) VP2(2) Vue(1) Vue2)  WMR200  WS2350  WH1080
e

¥

Temperstere Blas ('C)

Temparatum Bas ("'C)

" YmX
a1 Ordet AMSE. 0.75)
— 208 Owter (RNSE 073

_2 7- Vvi\\‘i |
| e 151 Order (RMSE: 1 31)

Dad Ordar (RIMSE 1 43)|
7000 800 o am w0 oo om0 1000 a0
Raation (Wim<)

o
Mean Temperature Bias (°C)



Other explanations?

Radiation (Wm2)
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Confirmation — a mechanism
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Frequency

Simple models can go a long way
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Marginal improvements, better
physics?
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What is a case study?
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Really complex priors ...
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Select your inputs carefully ...
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Carefully ...
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Seriously ...

Interpolation model prediction bias

UKV forecast

MMS Observations
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Understanding your model
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Using your knowledge is never easy
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Prediction

But always look for simple solutions
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Ask the public ...

Penelope, you are logged in. Let's get classifying!

Step 1. Select which attribute to classify by?

Sedect one

Urban Climate Zone

Step 2. What type of stations would you like to classify?

Sedect ot least one

Step 3. Click Begin.

" 1000wt
ot feelng € today? Then Log Peanelope, you are classifying WOW stations by exposure.
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You can fixing things
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To an extent
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RMSE (°C)
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Probability

But we can learn a lot

Design Type Membership Probabilities
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Mitigating some ‘nasty’ issues

Station: Bledlow Ridge (ID: 178513) hMeta hModel: Unknown
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Or simply confirm what we see

Station: Blagdon Weather (|0 186375) Meta Model: Fine Offset VWH1030
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Even for the ‘best’ stations

Station: Newlands Weather Station (ID- 182601) Meta Model: Davis Vantage Pro2
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Simple models, but significant insight
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Summary

Don’t try and do a purely graphical talk!

Be clear on your aims ...

Validate probabilistic models probabilistically
— if you care!

Be prepared to spend 80% of your time exploring the mess that is
your data

I’d strongly prefer simple (and fast to run) models

— allows prior sensitivity, model exploration and cross validation
(without waiting)

Be clear what is ‘good enough’
— your model will never be perfect on real data — remember it is a model
— I've never seen real data that actually comes from a Gaussian process

Thanks!



