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Figure 1. Schematic diagram shows the BMA
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predictive PDF, which is a weighted

average of the conditional PDFs.
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Figure 2. Schematic diagram of RH and
PIT histogram. The horizontal axis is
cumulative probability. The width of the
rectangle is the theoretical probability
for the interval to coverage observation,
and the area of the rectangle is the actual
frequency for the interval to coverage
observation. The dotted line is the perfect

height for the histogram.
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Figure 7. RH and PIT histograms. (a) RH for raw forecasts, (b) RH for bias-corrected (global)
forecasts, (c) RH for bias-corrected (local) forecasts, (d) PIT for global BMA, (e) PIT for local

BMA.
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Table 1. Comparison of CRPS.

THER 51 CRPS
Raw forecasts 1.578

Bias-corrected (global) forecasts 1.379

Bias-corrected (local) forecasts 0.879
Global BMA 1.061
Local BMA 0.754
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Table 2. Comparison of MAE.

THERTiE MAE
Raw forecasts 1.900

Bias-corrected (global) forecasts 1.735

Bias-corrected (local) forecasts 1.075
Global BMA 1.475
Local BMA 1.057
Superensemble 1.146
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Table 3. Coverage of prediction intervals.
. Coverage
THEITE
66.7% 71.4% 90%
Raw forecasts NA 46.2% NA
Bias-corrected (global) forecasts NA 48.5% NA
Bias-corrected (local) forecasts NA 43.8% NA
Global BMA 69.6% 74.3% 90.3%
Local BMA 61.6% 66.2% 86.1%
Fe4. THIEIE RSP TRR -
Table 4. Average width of prediction intervals.
. Width
T
66.7% 71.4% 90%
Raw forecasts NA 2.949 NA
Bias-corrected (global) forecasts NA 2.880 NA
Bias-corrected (local) forecasts NA 1.612 NA
Global BMA 3.736 4.120 6.317
Local BMA 2.350 2.589 3.940
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Figure 8. Predictive PDFs for the 24-h temperature at Taipei station, initialized at 00UTC on 31 May
2011. (a) Global BMA predictive PDF, and (b) local BMA predictive PDF. The thick curve
is BMA predictive PDF, and the thin curves are forecast PDFs multiply by weights base on

each model. For the vertical lines, the solid thin line is expectation, the dotted lines are 90%

prediction interval, and the solid thick line is observation. The upper dots represent the member

forecasts.
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Figure 9. Same as Figure 8, but at Yushan station.
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Figure 10. Predictive PDFs for the 24-h temperature of 17 stations, initialized at 00UTC on 31 May

2011. The contents explain the same as in Figure 8.
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Figure 11. Time series plots for 24 hours temperature forecast of 17 stations, initialized at 00UTC on
31 May 2011. The horizontal axises are forecast hour, the dotted curves are 5%, 16.7%, 50%,
83.3%, and 95% quantile of the predictive PDFs, and the solid thick curve is observation.
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Figure 12. Time series plot shows predictive
probability for the 24 hours extreme high
temperature forecast at Taipei station,
initialized at 0OUTC on 31 May 2011.
The threshold is 35 degree Celsius.
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Applying Bayesian Model Averaging to Temperature
Probability Forecasts over Taiwan

Yu-Hsiuan Chang, Ting-Huai Chang, Huey-Ru Wu
Meteorological Information Center,

Central Weather Bureau

ABSTRACT

Ensemble forecasts aim at addressing the uncertainty of weather scenarios to the best extent
possible so as to seek the probable diverse range of future weather. If probability distributions of
actual weather are available for reference, this uncertainty can be more accurately described.

First, this research applies Bayesian model averaging (BMA), a statistical method, to the post-
processing on multi-sets of model predictions in order to set up a probability density function (PDF)
conforming to real weather conditions.

Subsequently, BMA is employed on surface temperature forecasts of the weather stations
around Taiwan area. Verification results indicate that PDFs by BMA perform ideally on the forecasts,
and even though the dispersion of the predictions of multi-model forecast members is limited, BMA

can still effectively capture the uncertainty of temperature variations to a certain degree.

Key words: Bayesian model averaging, probability density function, ensemble forecast



