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Introduction

With the rapid advances in numerical weather prediction 
(NWP), NWP products have become more and more important 
for the weather forecasters in China [1]. However, due to the 
uncertainty of initial field and the numerical model itself, forecast 
errors exist inevitably in NWP products. Therefore, some statistical 
post-processing techniques are frequently applied to calibrate the 
forecast data for the purpose of obtaining more skillful forecast 
results. Some scientists in China have investigated the calibration 
approaches of the NWP products and significantly improve the 
forecast skills [2,3]. Precipitation forecasts are of importance for 
prevention and mitigation of meteorological disasters as well as 
management of water resources and many important applications 
which require more accurate QPFs [4,5]. Therefore, the statistical 
post-processing technology for precipitation forecasts has 
been prominently established. Ebert [6] proposed a “frequency 
matching” method (FMM) to improve the problem that light 
rain’s area is too large and heavy rain’s area is too small caused 
by ensemble mean. Then a lot of scientists used this method to 
improve the precipitation forecast skills [7-10].

In addition, there are some other post-processing methods 
which have been applied to the calibration of precipitation 
forecasting [11,12]. In this paper calibrations are conducted for the 
multimode consensus forecasting of the precipitation provided by 
the Public Meteorological Service Center, CMA. The false alarm rate 
of light rain of these forecast data is high. Therefore, the calibration 
of light rain can significantly improve the forecast skill.

 
Data and Methods
Data and model bias

The Public Meteorological Service Center, CMA provides the 
multimode consensus forecasting products for this study. The daily 
precipitation forecast products with lead times of 1-7days (24-
168h) with initial time 0000 UTC at 2603 stations in China and 
the observational precipitation data at these stations are used to 
verify the forecasts of the precipitation. The data cover the period 
of January 1st to December 16th in 2015 and the study area is over 
China. The following calibration is carried out for the stations in 
China.

Figure 1: Precipitation frequencies of precipitation thresholds 
with the lead time of 24h.
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As shown in Figure 1, the precipitation forecast frequency of 
each Threshold is higher than the observation, and the wet bias is 
obvious. Not only are there a large amount of false alarms in light 
rain, wet bias also exists in heavy rain, which leads to poor skills of 
the multimode consensus forecasting.

Calibration Method
Frequency matching method

Zhu & Luo [8] conducted the calibration of the precipitation 
forecasts based on the frequency matching method. The principle of 
frequency matching method is to adjust the cumulative frequency 
distributions of precipitation forecast, that is, to calculate the 
calibration coefficient of different precipitation thresholds, and 
calibrate the precipitation amount. The preceding forecasts and 
observed values over an area in China are counted in the training 
period because the cumulative frequency varies with different lead 
times and different precipitation thresholds. Therefore, different 
precipitation thresholds of different lead times are calibrated, 
respectively. The precipitation frequency of the forecasts and 
observed values are calculated as follows:
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Figure 2: Area partition for the precipitation calibration us-
ing FMM. 

where Fre is the frequency of precipitation reaching a certain 
threshold in the training period, Bi is the total number of stations 
whose precipitation reaching a certain threshold in the training 
period and Ni is the total number of stations in the training period 
every day. In order to obtain a sufficient number of samples, 
the past 20days are taken as the training period for calculating 
precipitation frequency. Considering difference in precipitation 
characteristics is large in different regions and relatively consistent 
in the adjoining areas, China is divided into six sub-regions, namely 
Northwest (NW), Southwest (SW), Northeast (NE), North China 
(NC), the middle and lower reaches of the Yangtze River (YZ), and 
Southeast China (SE) as shown in Figure 2. The frequency of 14 
daily precipitation amount thresholds of 0.1, 1, 2, 4, 6, 8, 10, 15, 20, 
25, 30, 40, 50, 60mm are counted in each sub-region of China, and 
the frequency of observed values is used as the reference frequency.

In this paper, a simplified frequency matching method is 
adopted and the ratio of the observed frequency to the forecast 

frequency of the precipitation is used as the calibration coefficient 
of different thresholds. The frequency matching calibration can be 
conducted by linearly interpolating the calibration coefficients of 
all thresholds and multiplying the precipitation forecasts by the 
corresponding calibration coefficients.

Threshold method based on “Optimal TS Score”

00 ,F when F F= <         (2)

Zhi et al. [13] conducted a statistical downscaling study using 
categorized rainfall regression on daily precipitation ensemble 
forecast data in summers of 2011-2013 and calibrated the 
downscaling forecast results by threshold method, which can 
greatly reduce the false alarm rate of light rain. In this paper the 
results of the FMM are calibrated by the threshold method to 
further reduce the occurrence of false alarms of light rain and 
the principle is shown in Equation 2. In the training period F is 
forecast value and F0 is a set of thresholds of 0.1-2mm with a 0.1mm 
interval. Forecasts are calibrated based on the set of thresholds at 
all stations respectively and the TS score of precipitation above 
0.1mm is calculated to obtain a threshold-score sequence. When 
the TS score reaches the highest, the corresponding threshold is 
taken as the elimination threshold F0 in the forecast period. When 
the precipitation forecast value is less than F0, the precipitation 
amount will be calibrated to be 0. As shown in Figure 3, when F0 
is 0.7mm, the TS score in training period reaches the maximum 
value, so 0.7mm is used as the elimination threshold in the forecast 
period.

Figure 3: The TS corresponding to each of the elimination 
thresholds in the training period.

Verification methods

( )TS NA / NA NB NC= + +      (3)

( )False Alarm Rate NB / NA NB= +   (4)

( ) ( )Accuracy NA ND / NA NB NC ND= + + + +   (5)

NA represents the number of stations where both forecasts and 
observations reach a threshold of certain precipitation amount. NB 
is the number of stations with false alarms where forecasts reach 
a certain precipitation amount threshold, whilst the observed 
values do not. NC is the number of stations with missing forecast 
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where observations reach a certain precipitation threshold and the 
forecasts do not. ND represents the number of stations with no rain 
both in forecasts and observations. The larger the TS score of the 
precipitation forecast, the higher the forecast skill.

1

1 n

i i
i

MAE F O
n =

= −∑   (6)       

Mean Absolute Error (MAE) can reflect the deviation between 
the forecast and the observed value. n is the total number of 
stations, Fi is forecast value and Oi is observed value at each station 
in the forecast period.

1Area Bias F / O= −        (7)

F and O are the number of stations where forecasts and 
observed values reach a certain precipitation amount threshold. 
And the positive (negative) area bias indicates the wet (dry) bias.

Precipitation Forecast Calibration
The above-mentioned methods are applied to calibrate the 

24-168h precipitation forecasts at 2603 stations in China and the 
training period for FMM calibration takes the preceding 20days. 
The forecast period starts from January 21st to December 16th for 
330days.

Figure 4: Impact of calibration on precipitation intensity and mean absolute error of 24h forecast over all stations. (a)(c): June, 
(b)(d): November

Figure 4 shows that the average daily precipitation trend of 
forecasts among all stations is consistent with the observation, 
which indicates that the forecast can reflect the process of 
precipitation generally. The calibration significantly improves 
precipitation forecast skill and reduces the forecast error in June 
and November. After performing the calibration, the daily mean 
precipitation in June and November are both closer to observed 
values (Figure 4a, Figure 4b). The daily mean absolute error also 
decreased by a maximum of 3.3mm in June and by a maximum of 
1.9mm in November, and the improvement in June is better. It can 
be found that the calibration is more effective for date with large 
mean absolute error, such as November 3rd-6th, November 25th and 
November 28th, while the effect is less obvious for date with low 
mean absolute error.

The comparison between TS scores of different precipitation 
thresholds with and without calibration is shown in Figure 5. The 
improvement of light rain forecast TS score is the best up to 0.05 
with the lead time of 24h, and the TS score of moderate rain is 
slightly lower after the calibration with lead times of 96-168h. The 
growth in TS scores of the moderate rain and light rain decreases 
with increase of the lead time. After calibration the TS score of 
heavy rain is basically improved by about 0.01 while the forecast 
skill of rainstorm is better with lead times of 96-168h than 24-72h.

Figure 5: TS of different precipitation thresholds with and 
without calibration.
(a) Light rain, 
(b) Moderate rain, 
(c) Heavy rain, 
(d) Rainstorm

The event or none-event correct rate is a reliable indicator 
whether the model is accurate or not in the qualitative forecast for a 
“rain or no rain” event. And it is closely related to the phenomenon 
of false alarms of light rain. The false alarm rate of light rain with 
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lead times of 24-168h are significantly reduced after calibration 
up to 12.4% with lead time of 24h and the improvement decreases 
with lead time increasing (Figure 6a). Based on obvious reduction 
of false alarm rate of the light rain, Figure 6b shows that the event 

or none-event correct rate is greatly improved by about 4%-8.6%, 
which improves the forecast skill of ensemble system. Increase 
in event or none-event correct rate is of great significance to the 
operational forecast at meteorological observatory.

Figure 6: Impact of calibration on “rain or no rain” forecast skill.
(a) False alarm rate of light rain,
(b) Event or none-event correct rate

Figure 7: Impact of calibration on precipitation area bias. 
(a) 24h, 
(b) 48h, 
(c) 72h, 
(d) 96h, 
(e) 120h, 
(f) 144h, 
(g) 168h

Figure 7 shows the area bias of each precipitation amount 
threshold with and without calibration with lead times of 24-168h. 
The area bias of four precipitation amount thresholds is large wet 
bias in 24-72h forecasts and the larger the precipitation amount 
threshold, the greater the wet bias. After calibration the wet bias 
are significantly reduced and the improvement of the forecast for 
the precipitation of more than 25mm is better than that below 

25mm. The 96-168h forecasts have a smaller area bias than the 
24-72h forecasts. The calibration not only reduces the wet bias of 
the small-magnitude precipitation but the dry bias of precipitation 
above the 25mm is also reduced, which effectively improves the 
missing rate of large-magnitude precipitation.

In summary, the calibration based on the FMM can greatly improve 
the forecast skill of the 24-168h precipitation forecasts.
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Concluding Remarks
The calibration of the 24-168h precipitation forecasts has been 

performed by using frequency matching method and threshold 
method. The following conclusions have been reached:

A.	 The FMM and threshold method can significantly reduce 
the occurrence of false alarms of light rain, increase the event or 
none-event correct rate of precipitation forecast, and improve 
the forecast skill of different categories of the precipitation 
amount with lead times of 24-168h.

B.	 The FMM calibrates the precipitation area bias by adjusting 
the rainfall amount, so the false alarm rate and missing rate of 
each precipitation amount threshold are relatively balanced. 
After calibration, the mean daily precipitation forecasts in June 
and November in 2015 are closer to the observed values, the 
mean absolute error is smaller than the raw forecasts and the 
area bias of each precipitation amount threshold becomes less.

For the FMM calibration, the calibration coefficients were 
calculated separately for six sub-regions in China. However, a fixed 
length of the training period, 20days was chosen for the whole six 
sub-regions. In fact, the optimal length of the training period needs 
to be tuned for each sub-region in China, which will be one of our 
tasks in the near future.
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