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Source: Swiss Federal Office of Energy

• 40 % of current electricity should come from 
photovoltaic (PV) and wind energy

- 115 km2 of PV panels (18% efficiency)
currently installed: 13 km2

All south oriented Swiss roofs
or 27000 soccer fields
or 7500x EPFL solar park

- 6000 wind turbines (3 MW each)
currently installed : 42

12x the largest US wind farm

Electricity

Storage hydropower

Run-of-river

Nuclear

Conv. thermal

Energy

Fuel for transportation

Fuel (other usage)

Petroleum gases

Electicity

Other

The challenge of the Swiss energy transition:

• This requires the installation of either:

• Effort x10 under current energy consumption and 
100% electrification scenario

I. Some context: facing winter energy deficits
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Urban PV

I. Some context: facing winter energy deficits

Daily averages, 2019

Winter deficit: 14.5 TWh(PV + Wind: 15 GW)
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Alpine PV

I. Some context: facing winter energy deficits

Daily averages, 2019

Winter deficit: 14.5 TWh 11.7 TWh(PV + Wind: 15 GW)
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Winter deficit: 14.5 TWh 11.7 TWh

Optimum

6.5 TWh

I. Some context: facing winter energy deficits

Daily averages, 2019

(3 TWh inevitable)
(8% Wind) (8% Wind) (88% Wind)

(PV + Wind: 15 GW)
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Dujardin et al. 2021

II. Wind power: an ideal complement to hydropower

Wind power capacity factor (%)
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Dujardin et al. 2021

II. Wind power: an ideal complement to hydropower

Wind power capacity factor (%)
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II. Wind power: an ideal complement to hydropower
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Dujardin et al. 2021

©swisstopo

II. Wind power: an ideal complement to hydropower

Urban PV Opti PV + Wind

17.5 TWh 3.5 TWh
(year 2016)

Winter deficit
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Complex topography à High heterogeneity

Small (sub-grid) scale effects like:
• Sheltering
• Ridge acceleration
• Thermally driven flows 

II. Wind power: an ideal complement to hydropower
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Predictands

Stations :
• IMIS
• SwissMetNet
Variables:
• u
• v
Characteristics:
• 7-10 m.a.g.l
• Hourly
Period:
• Train: 2 years
• Test: 3rd year

III. Wind-Topo: a deep learning approach to wind downscaling
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COSMO-1 data
(low-res predictor)

Resolution:
• 19 ´ 19 pixels
• 1.113 km / pixel
• 21 ´ 21 km

Variables (# layers):
• zcosmo (1)
• ucosmo (5)
• vcosmo (5)
• w’ (5) *
• Dq / Dh (4)  **
• qs (1)

Period:
• Same times as 

measurements

* w’ = wcosmo – w(from u, v, terrain)

** Dq / Dh: gradient of potential T°
between 2 layers

III. Wind-Topo: a deep learning approach to wind downscaling
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399x399
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Topographic data
(high-res predictor)

Resolution:
• 399 ´ 399 pixels
• 53 m / pixel
• 21 ´ 21 km

Variables (# layers):
• ztopo (1)
• slope (1)
• aspect (1)

III. Wind-Topo: a deep learning approach to wind downscaling
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399x399

2 km

Sl
op

e 
(d

eg
re

e)

Topographic data
(high-res predictor)

Resolution:
• 399 ´ 399 pixels
• 53 m / pixel
• 21 ´ 21 km

Variables (# layers):
• ztopo (1)
• slope (1)
• aspect (1)

III. Wind-Topo: a deep learning approach to wind downscaling
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399x399
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Topographic data
(high-res predictor)

Resolution:
• 399 ´ 399 pixels
• 53 m / pixel
• 21 ´ 21 km

Variables (# layers):
• ztopo (1)
• slope (1)
• aspect (1)

III. Wind-Topo: a deep learning approach to wind downscaling
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Wind 399x399
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Computation of 
time-dependent 
topographic 
descriptors

Needs:
• ucosmo, vcosmo
• slope
• aspect

Outputs:
• E+ (1)
• E- (1)
• Dutan (1)
• Dvtan (1)
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III. Wind-Topo: a deep learning approach to wind downscaling
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Wind (1.41 m/s: u = 1, v = 1) 399x399

2 km

D
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)

Computation of 
time-dependent 
topographic 
descriptors

Needs:
• ucosmo, vcosmo
• slope
• aspect

Outputs:
• E+ (1)
• E- (1)
• Dutan (1)
• Dvtan (1)

III. Wind-Topo: a deep learning approach to wind downscaling
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Example of exposure Example of deflection

𝑢 → 𝑢 + Dutan
𝑣 → 𝑣 + Dvtan

𝑢 → 𝑢 + 𝑢 𝐸! + 𝑢 𝐸"
𝑣 → 𝑣 + 𝑣 𝐸! + 𝑣 𝐸"

Wind speed
(m/s)

Anti-clockwise
deflection
(degree)

III. Wind-Topo: a deep learning approach to wind downscaling



III. Wind-Topo: a deep learning approach to wind downscaling
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Trained on 2.3 million examples
(900 GB of data)
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6.75 million parameters for u
(same for v)

III. Wind-Topo: a deep learning approach to wind downscaling
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1 epoch = 1 pass 
through the entire 
training set

Mean absolute 
errors Training set:

261 stations
01 Oct. 2015 – 01 Oct. 2016
and
01 Oct. 2017 – 01 Oct. 2018

Test set 3:
60 stations
01 Oct. 2016 – 01 Oct. 2017

III. Wind-Topo: a deep learning approach to wind downscaling
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Mean Absolute Error (MAE)

III. Wind-Topo: a deep learning approach to wind downscaling

W
in

d-
To

po
: D

ow
ns

ca
lin

g 
…

. -
Du

ja
rd

in
 a

nd
 L

eh
ni

ng
-2

02
2 

-Q
JR

M
S



2 km
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COSMO-1
at 20:00 23 Oct. 2016

III. Wind-Topo: a deep learning approach to wind downscaling
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Wind-Topo
at 20:00 23 Oct. 2016

300 x 300 pixels à 55 sec on 1 GPU (RTX2080Ti)

2 km

III. Wind-Topo: a deep learning approach to wind downscaling

W
in

d-
To

po
: D

ow
ns

ca
lin

g 
…

. -
Du

ja
rd

in
 a

nd
 L

eh
ni

ng
-2

02
2 

-Q
JR

M
S



Jérôme Dujardin - 2022/03/30 - Towards better estimates of wind power potentials in the Alps 26

2 km

1 year hourly

III. Wind-Topo: a deep learning approach to wind downscaling
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2 km

1 year hourly

III. Wind-Topo: a deep learning approach to wind downscaling
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• Wind energy is the best complement to hydropower

• Wind turbines in the Alps are potentially very profitable (high capacity factor) 
and can be integrated near current infrastructure (hydropower, grid)

• But, large uncertainties in complex terrain, except for a few monitored locations.

• Wind-Topo is a promising step towards better estimates
High resolution
Long time series
Reduced errors
Better distributions

• Need for a refined map of potential locations

• From near-surface high-resolution wind to wind power

• Economic case?

IV. Conclusion and outlook
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https://doi.org/10.1002/qj.4265
https://doi.org/10.16904/envidat.301

https://gitlabext.wsl.ch/dujardin/wind-topo
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Thank you for your attention
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