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Projections of global solar power to 2050
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Lekvall, et al. (1973), The Swedish Journal of Economics, 75(4), 362.

Cherp, A. et al. (2021), Nature Energy, 6(7), 742-754.
Yue, X. et al. (2018), Energy Strategy Rev., 21, 204-217.

Trutnevyte, E. et al. (2022), Joule, 6, 1969-1970.
Morgan, M.G. et al. (2008), Climatic Change, 90(3), 189-215.
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Cherp, A. et al. (2021), Nature Energy, 6(7), 742-754 Trutnevyte, E. et al. (2022), Joule, 6, 1969-1970.
Yue, X. et al. (2018), Energy Strategy Rev., 21, 204-217. Morgan, M.G. et al. (2008), Climatic Change, 90(3), 189-215
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Gompertz mode| using our algorithm to empirical data (black dots) through 2018
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Research goals

New method for projections of
granular energy technology diffusion
that accounts for
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a diversity of models
with different characteristics
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for each municipality
and technology diffusio

0) Data preparation
n
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4-step method to create probabilistic projections RE S

for each municipality for each municipality
and technology diffusio and 12 S-curve models

0) Data preparation 1) Deterministic projections
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0) Data preparation 1) Deterministic projections| | 2) Probabilistic projections ] | 3) Performance evaluation
for each municipality for each municipality for each municipality of each S-curve model
and technology diffusion and 12 S-curve models and each S-curve model using hindcasting
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Hindcasting R E S

« Evaluate the performance of models
by comparing the calculated projections
with real historical observations

* In each iteration:
Split historical time series data in
training set and out-of-sample test set

20|00 20'10 20|20 20|30 20|40 2050
Year
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« Evaluate the performance of models Solar PV T wemes
by comparing the calculated projections Train: 2000 — (2011 ... 2021) 4 |
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MAPE: Mean Absolute Percentage Error
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Probabilistic vs. deterministic projection R E S
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Sun, X. et al. (2017), Journal of Meteorological Research, 31(3), 502-513. MAPE: Mean Absolute Percentage Error, WIS: Weighted Interval Score
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Results f-u‘

Comparison of S-curve models R E S

2} 2} 2} 2] 2} 2}

= = = = s =

[} c (7] c (7] c

£ 3 8 3 g8 3

§ 2 o § 2 2 § 2 2
model %8 = % 8 = %8 =
Bass 0.28 0.72 3.12 0.36 0.39 0.61 1.09
Bertalanffy [007 093 149 0.33 0.67
Gompertz 0.32 0.68 2.08 0.34 0.66 0.33 0.59 041 1.78
Logistic 0.27 0.73 3.10 0.36 0.35 0.65 1.08
Richards-4p 0.13 0.87 2.04 0.35 0.65 0.30 0.70 1.13
Richards-5p 0.14 0.86 1.98 0.35 0.65 0.33 0.67 1.13
Bi-Bass 0.42 0.58 0.37
Bi-Bertalanffy 1100 000 >10
Bi-Gompertz 0.61 0.39 0.39
Bi-Logistic 0.44 0.56
Bi-Richards-4p 0.17 0.83 1.98
Bi-Richards-5p 0.16 0.84 2.03

Solar PV capacity Buildings with a heat pump Registered BEV

RENEWABLE ENERGY SYSTEMS

MAPE: Mean Absolute Percentage Error, WIS: Weighted Interval Score
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Bertalanffy 007 093 149 0.33 0.67
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Richards-4p 013 087 204 0.35 065 030 070 1.13
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Bi-Logistic 044 0.56
Bi-Richards-4p 0.17 0.83 1.98 year
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g g g 2 g £ - High sharpness penalty:
g 8 § & g 8 broad intervals
8 3 8 5 & 5 . . .
model 5 3 ¢ B g 2 25 2 - High calibration penalty:
Bass 0.28 0.72 3.2 0.36 0.39 061 1.09 :
- K 000 B P 007 overconfidence
Gompertz 032 068 208 0.34 066 0.33 059 041 178
Logistic 027 073 3.10 0.36 0.35 0.65 1.08
Richards-4p 013 0.87 2.04 0.35 0.65 030 070 1.13
Richards-5p 014 0.86 1.98 0.35 0.65 033 067 1.13 2 2>
Bi-Bass 0.36 0.64 042 058 0.37 070 0.30 145 i S
Bi-Bertalanfiy 1100 000 >10 - g g
Bi-Gompertz 0.61 0.39 0.39 . © ‘ ©
Bi-Logistic 0.44 0.56 p—
Bi-Richards-4p 0.17 0.83 1.98 year year
Bi-Richards-5p 0.16 0.84 2.03
Solar PV capacity | Buildings with a heat pump | Registered BEV

MAPE: Mean Absolute Percentage Error, WIS: Weighted Interval Score
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Conclusion R E S

* Probabilistic projections of S-curves outperform deterministic projections
- Anticipation of future technology diffusion with higher accuracy
- Compensation for underestimation and low saturation

*  Weighting compensates tradeoffs of particular S-curve models, e.g.:
- Exceptionally broad/sharp density intervals
- Underestimation and low saturation

- Bertalanffy and Richards models are on average the best performing models
- Lowest MAPE, WIS, but performance is specific to each municipality

« Based on current dynamics, Switzerland is unlikely to reach net zero targets by 2050

» Highest capacities of solar PV, heat pumps, and BEV are most likely near population centers
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remains unknown

- Combining probabilistic projections
with scenarios might help to illustrate
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Conclusion

Key implications on methods

For decision-makers

* Information on future trends
and their probabilities to overcome...
- Overconfidence
- Broad uncertainties without likelihood

* Projections reflect uncertainties
based on current diffusion dynamics

- How future policies and context
events might accelerate/slow diffusion
remains unknown

- Combining probabilistic projections
with scenarios might help to illustrate
diffusion better

For modelers

r“'.

RES

Information on future trends

and their probabilities to inform
likelihood and uncertainty of scenarios
from energy model optimization

Few input data/assumptions
- Specifically applicable to cases where
availability of different data is limited

Context information implicitly included
- Explicit use of factors might improve
projections
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Conclusion @GP

Key implications on methods RE S

For decision-makers For modelers

* Information on future trends * Information on future trends
and their probabilities to overcome... and their probabilities to inform
- Overconfidence likelihood and uncertainty of scenarios
- Broad uncertainties without likelihood from energy model optimization
* Projections reflect uncertainties * Few input data/assumptions
based on current diffusion dynamics - Specifically applicable to cases where
- How future policies and context availability of different data is limited
events might accelerate/slow diffusion
remains unknown « Context information implicitly included
- Combining probabilistic projections - Explicit use of factors might improve
with scenarios might help to illustrate projections
diffusion better
« Choice of models, criteria, and weighting
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