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Co-production Framework for climate information - =ASPECT
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Climate Information on different timescales - “ASPECT

Climate forecast on different timescales are available with different modeling system.

Constraining and shadowing methods
e.g., Befort et al. (2020); Mehmood et al.

(2021)
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Temporal Merging: Pooling Ensembles -~ ASPECT

- A new temporal merging method has been proposed for a seamless climate information
from a month to 22-month lead times.

Ensembles across from all start dates are pooled
together with equal weights.

Pooling Ensemble = Y=, W;F;(m, x, y)

Where “1” represents each forecast start date, “K” total start dates, W
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is the weighting function and F represents forecast. :
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Temporal merging: Monthly to multi-year timescales \\ ASPECT
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Seamless climate information on monthly to 22-month lead timescale for
tailored climate extremes.

5 Ensemble Forecast (Monthly to Multi-annual timescale)
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Main Advantages of the Temporal Merging ~ASPECT

- Three main advantages of temporal merging

a ) a ) a )
Seamless Forecast Large Ensemble size Additional information
& / & / & /

« Connects different timescales

 Reduce Errors. « Add useful information

into a single system.
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« Stable and persistence
in forecast.

from different start dates
without any additional
cost to the system .

Source: Abid et al. 2025 in preparation



Observed Frequency of Frost days (FFD)  _ASPECT

e Frequency of the Frost days (FFD) over Catalonia region is defined based on minimum
temperature less than 0°C for each grid point for the period 1983-2024.

a)Mean Frequency of Frost Days (FFD) ERA5 T b) Frequency of Frost Days (FFD) over Catalonia
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Forecast (Temporally Merged vs Each start date) SASPECT
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1- Seamless Forecast 2- Large Ensemble size 3- Additional

information
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a) Forecast Skill based on each start date
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Forecast Skill (Trends vs variability) —~ASPECT

Forecast Skill (Detrend vs Trend)
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* Most of the forecast skill is related to the long term trends.

« For May (M-10) the forecast skill of FFDs are 60% explained by the internal variability.
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Framework for Actionable measures TLSEECT

READY

Multi-annual
forecast

Long lead time forecast, risk
indicated to users.

Start preparing for potential
hazards, training people etc.,
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STEADY

Seasonal to
monthly lead
time forecast

Keep on monitoring forecast as
new forecast come is..

Persistent Forecast indication,
helps to alarm the community.
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At short lead, in conjunction to
seamless forecast, sub-seasonal and
weather forecast will also be helpful.

Combining weather and climate
information helps to take final
measures that minimize losses
expected due to climate extremes.

Source: Abid et al. 2025; in preparation



Summary “ASPECT

« Seamless forecast system is proposed to forecast climate extremes on multi-year
to monthly lead timescales.

« Ensemble members are pooled together from lead time (M-16 to M-1), provides
large ensemble members, that reduce errors and provide stable forecast.

 In merged forecast ensemble members from prior start dates carry useful
information, without any additional cost, add value of about 5 to 30% forecast skill,
with maxima noted for January start date.

« For most of the start dates, FFD’s forecast skill is modulated by long term trends
except of May (M-10).

 Ready-Steady-Go framework is proposed to the users, where they can monitor the
forecast and take actions.
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