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INTRODUCTION
Monthly forecasts are provided to more and more users who require an estimation of its reliability. As the users are not familiar with
advanced scoring methods, the goal of this study Is to investigate the capacities of 2-meter temperature monthly forecasts with basic

comprehensive scores.

DATA and METHODOLOGY

- post-processing : statistical adaptation on local French cities (multiple linear regression + pseudo perfect prediction method).

- period : from December 2015 to January 2018 (up to 46 days lead time), the sample size is 220 with monday and thursday runs of monthly
forecast.

- temperature anomalies are calculated with comparison to 30 years climatology based on observations and ERA interim's analysis.

- the anomalies are calculated and averaged over different times and spatial scales (from town to country and day to month).

- the scores are based on contingency tables and its four components : misses (M), hits (H), false alarms (FA) and correct negatives (CN),
respectively red, green, yellow and grey on the four colours plots below.

TEST OF DIFFERENT TIME AVERAGING : Day, Week, Month BETTER SCORES WITH DIFFERENTIATED ANOMALIES

Observed temperature anomaly <-1°C and forecasting <0°C
over France

In this part, we compare forecasted and observed anomalies. We used the same
threshold for the forecasted and observed anomalies.

Here we try to improve the detection
of cold anomalies: we compare
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CONCLUSION FUTURE PLANS
- The model has more difficulties forecasting cold anomalies. - The main restriction of this study is the short period and particularly the lack of
- Cold anomalies are more successfully anticipated with differentiated thresholds. cold events. So the extension of the period will clearly improve the results
- The model is significantly better than climatology forecast until week three. reliability.
- Time averaging permits the use of monthly forecast for longer lead times. - The second restriction is the deterministic approach : assessment of ensemble

benefit has to be explored, typically the link between ensemble spread and error,
together with the use of probabilistic scores.
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