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Estimating Redshift Photometrically
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Experiment with all
quasars in SDSS DRY7
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Uncertainties )
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Probability Density Function )
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Multi-Modalities )

—— - - : : 4.0
[ T = mgmozesmm]]..,
0.09 Ny (1 =2.0,0=0.133) ||~

3.0

0.32 N, (1 =1.7,0=0.105
m—  ().06 N:(pt=2.1,0=0.084
—_ NN, +N+N NS

|
!
i

)

)
m—  ().24 N5 (1t =0.5,0=0.078) |7

)

)

frequency

=K
&
probability density

— true redshift .

10}
411.0
5L
"F;Ilk 10.5
0 “ 0.0
0 i 2 3 4 5

redshift (z)

July 16, 2019 Astroinformatics 2019 | From Photometric Redshift to Improved Weather Forecasts | Kai Polsterer 10/40




Evaluation Tools )

Simplification — RMSE / just use the mean

N; (p=1.8,0°=0.15) N, (p=3.4,0°=0.15)

&
foe)

o
~J
]

2 0.6l mean of PDF, >=2.6 true rgdshift, z=3.45 |
5 O
o 0.5} \ s
2 0.41 :
5 g3l A \ |
2 l .
S 0.2] | !
-l

0.1} :

0.0 ' : :

0 3 4 5 6
redshift ()

July 16, 2019 Astroinformatics 2019 | From Photometric Redshift to Improved Weather Forecasts | Kai Polsterer 11/40




Evaluation Tools

stacking PDFs
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Proper Evaluation Tools / CRPS )

continuous rank probability score
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Proper Evaluation Tools / PIT ).

probability integral transform

a.) underdispersed b.) overdispersed c.) biased d.) well calibrated
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Uncertain Results / kNN
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Multi-Modalities )
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Results
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Random Forest
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DCN meets MDN )

convolutional layers fully connected part

iInput - .

U\

Gaussian mixture model

feature maps
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Healpix / HiPS / IVOA
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Results
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Complex Input
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Challenges / Limitations ) _

z=1.7 — 9.939 Gigayears
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Weather Forecast Simulations

European Centre for Medium-Range Weather Forecasts (ECMWF)
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Weather Forecast Simulations

In this example 18 parameters on 81x81 grid for Europe (0.5°, 0.5°)
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air temperature 2m above ground
convective available potential energy
surface pressure

total cloud cover

sensible heat flux

latent heat flux
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2-meter dew point temperature
short wave radiation flux

long wave radiation flux

soil moisture

u-wind at 500 hPa
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Geopotential at 500 hPa

specific humidity at 850 hPa
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Statistical Post-Processing

to predict for single stations

e 537 stations with measurements

—(lat, long, alt, orog., land/sea)
e 48h forecast lead time

e 18 x 2 parameters (mean, stddev)
e 2007-2015 for training
e 2016 for testing

with best method CRPS=0.81

Latitude

10.0 12.5 15.0
Longitude
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DCN meets MDN )

convolutional layers fully connected part

iInput - .
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Gaussian mixture model

feature maps
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Using DSMDN

Embeddings

Station Latent

ID

1
2

536
537

features
o~

QO

p-

Fully connected network

00

OC)

July 16, 2019

>

t2m_mean Oq
t2m_std O-’_’ AW +b §

Auxiliary
variables

Neural network

Hidden
layer

RelLU
a — max(0,a)

e

Rasp and Lerch 2018

j’ ] HITS

CRPS=0.78

Astroinformatics 2019 | From Photometric Redshift to Improved Weather Forecasts | Kai Polsterer

27/40



Projecting Station Parameters )

latitude, longitude, altitude, orography
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.

More Complex Network )

DCMDN — whole ensemble 50*81*81*17 * 535 * 3667

e not enough data for training
Use different strategy with autoencoders
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Projecting Forecast Ensembles

14.02.2007

=40 =20 0 20 40
Temperature {C}

14082010

0 20 40 60 80 100
Cloud Coverage (%)

—ald =20 0 20 40
Temperature (C)

o 20 4] 60 &80 100
Cloud Coverage (%]

HITS

14.02.2007

[ — [ —
=40 =10 (] 0 ) ¢ 0 40 60 80 100
Temperature (L] Cloud Coverage (%)

14.08.2010

L e N —

=40 =20 o 20 4 o 20 40 60 80 100
Temperature (C) Cloud Coverage (%)

July 16, 2019 Astroinformatics 2019 | From Photometric Redshift to Improved Weather Forecasts | Kai Polsterer 31/40




14.02.2007

=40 =20 0 20 40
Temperature (C)

14.08.2010

I e

=40 =20 0 20 40
Temperature ()

July 16, 2019

P

Ny S g

LT N e iy o

BoF § o o o gt s
oy,

&
]
]
L]
i
L]
| |
#

20 40 60 80
Cloud Coverage (%)

100

14.02.2007

=40 =20 o 20 40
Temperature {C)

IERE L L o] Vol
.h‘-l,,ll.-hzﬂn.‘.." 5 _p.l-.-l-p'*.:'
S, My Ty o M i g "} e

NECF RSP
ey R

| e —
o 20 40 &0 80 100
Cloud Coverage (%&)

e
oy gy T e T
T e ey g, o i e
L e
w

[ e—

20 40 60 80 100 =40 =20 o 20 40 0 20 40 &0 80 100
Cloud Coverage (%) Temperature {C) Clowd Coverage (%)
Astroinformatics 2019 | From Photometric Redshift to Improved Weather Forecasts | Kai Polsterer 32/40



14.02.2007 14.02.2007
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Projections o ) _

Temperature: OK
Clouds: sort of OK
Pressure: forget about it
Wind: what?

Geopotential: better don’t ask

[ s

All the others: don’'t know
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Conclusion ).

Compressing complex data might add interpretability
Use of proper scores for training helps a lot - CRPS

Next:

e petter dimensionality reduction techniques
e time-series analysis / interpolation for stations
e revisit photometric redshifts
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