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Abstract

:

This study focuses on the real-time precipitation forecast products of the GRAPES_MESO regional ensemble forecast model, which is developed by the Numerical Weather Prediction Center of the China Meteorological Administration and is initialized 1–3 days in advance at 12:00 UTC. Using a national-level homogenized precipitation grid dataset from surface meteorological stations as observational data, a frequency matching method (FMM) is employed to correct precipitation forecasts for different precipitation intensity levels, including light rain, moderate rain, heavy rain, and torrential rain. Case studies and statistical tests (TS scores) are conducted to compare the forecast performance before and after correction. The results indicate that the model’s Cumulative Distribution Function (CDF) curves deviate from observations, and the longer the lead time, the more significant the error. The correction coefficients (CCs) show an increasing trend with the growth of precipitation intensity, indicating that for larger precipitation amounts and longer lead times, larger CCs are needed, highlighting the necessity of correction. Analyzing two precipitation events in South China in July 2019, the FMM results in an increase in precipitation intensity and a widening of the range of heavy precipitation. The corrected precipitation magnitudes are closer to the observations. The statistical tests using TS scores reveal that the FMM has a certain correction effect on the overall precipitation forecast in the South China region, especially for longer lead times and higher precipitation intensities, where the correction effect is more significant. The necessity of frequency matching correction becomes more apparent for heavier precipitation, and the correction effect becomes more significant with longer lead times.
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1. Introduction


With the rapid development of numerical forecasting technology, an increasing number of numerical forecasting products have become the main tools for meteorologists in generating daily weather forecasts, as well as being crucial references for operational forecasts at meteorological stations [1,2,3,4,5,6]. Due to the significant uncertainty in the development of short-term heavy precipitation systems, deterministic forecasting with a single initial value using numerical weather models is insufficient. Therefore, it is imperative to introduce the concept of ensemble forecasting, which allows for the uncertain results of the initial conditions and models to reflect multiple possible future weather scenarios [7,8,9,10]. However, due to the uncertainties associated with numerical models and initial conditions, model forecasts inevitably exhibit a certain degree of error [11,12]. To enhance the effectiveness of weather forecasts, it is essential to employ post-processing correction methods to rectify and refine numerical forecasting products [13,14].



Since the 20th century, under the backdrop of climate change, extreme heavy rainfall events have occurred frequently. Southern China, located at low latitudes, is influenced by tropical weather systems and mid-high latitude weather systems, experiencing complex and variable weather conditions, leading to frequent meteorological disasters and severe local impacts [15]. Among these, extreme heavy rainfall events causing significant socio-economic losses have diverse causes, including frontal precipitation, typhoon precipitation, warm sector precipitation, etc. Examples include the extreme heavy rainfall caused by Typhoon “Ewiniar” from 6–8 June 2018, and the warm sector heavy rain during the strong Southwest monsoon from 5–9 June 2020. These events resulted in substantial economic losses. Therefore, for the Southern China region, especially the economically developed Guangdong area, it is crucial to apply post-processing correction to model precipitation forecasts to enhance the accuracy of precipitation predictions.



The ensemble mean forecast of precipitation is not always more accurate than the forecast of individual members. However, the ensemble mean can improve the accuracy of precipitation forecast areas, although the smoothing effect on individual ensemble members may lead to issues such as overestimation of light rain areas and underestimation of heavy rain areas [16]. Ebert [17] used the precipitation frequency forecast from ensemble members to correct the ensemble mean precipitation forecast, obtaining the “Probability-Matching Ensemble Mean” (PM) forecast. Li and Zhu [18] applied the Frequency-Matching Method (FMM) to correct T213 precipitation forecasts, resulting in a significant reduction in the area deviation of precipitation distribution, with rainband contours and positions closer to the observations. Li et al. [19] conducted correction experiments on AREM model precipitation forecasts using the Frequency-Matching Method, leading to improved agreement between the corrected precipitation forecast and observations. Li et al. [20] also corrected the precipitation of individual ensemble members in the AREM model using observed precipitation frequencies through the Frequency-Matching Method. The ensemble mean of the corrected members was then further corrected using the PM method, reducing systematic errors in the model and obtaining precipitation forecasts with a more reasonable distribution.



Therefore, for precipitation forecasting in the Southern China region, especially for highly impactful extreme heavy rainfall forecasts, the use of ensemble mean forecasts provides a better grasp of precipitation distribution, and the extreme information within the ensemble forecasts can reflect extreme heavy rainfall predictions. In summary, post-processing correction of the original forecasts from ensemble prediction models is crucial [21,22]. Using the Frequency-Matching Method for correction can preserve effective precipitation distribution information in the ensemble mean forecast and smooth out extreme information, making it operationally applicable. This approach provides technical support for improving precipitation forecasting capabilities in the Southern China region. The study will be based on GRAPES precipitation ensemble forecast data, focusing on precipitation in Guangdong, particularly extreme heavy rainfall events. Utilizing the Frequency-Matching Method, the study will perform correction and verification of ensemble precipitation forecasts, conducting a comprehensive evaluation and comparison of correction effects.




2. Data and Methods


2.1. Datasets


The precipitation observation data used in this study is the 0.05° × 0.05° grid dataset (V1.0) of 24 h accumulated precipitation from China’s national-level surface meteorological stations. Spatial interpolation was conducted using thin plate splines in conjunction with three-dimensional geographical spatial information. The data comprises two main sources: a homogenized daily temperature dataset from China’s National Meteorological Information Center, and a Digital Elevation Model (DEM) of China’s land at a resolution of 0.5° × 0.5°, produced by resampling the GTOPO30 data (at a resolution of 0.05° × 0.05°). Additionally, quality control was performed using cross-validation quality assessment methods, ensuring the data’s high quality. The grid had a horizontal resolution of 0.05° × 0.05°, covering a spatial range of 0° N–60° N, 70° E–140° E, and a time range from 1 June 2019 to 31 August 2019. However, as indicated by studies such as Shahi et al. [23], when discussing extreme precipitation, any overestimation of the extremes by forecast systems might not necessarily be incorrect, but rather underrepresented in observations. Therefore, the focus of this study is solely on analyzing the correction effects of the FMM correction method on precipitation forecasts in the southern region of the model. Minimal explanation is provided regarding model biases in extreme precipitation events.



The model forecast data are obtained from the real-time 24 h accumulated precipitation forecast products initiated at 12:00 UTC by the GRAPES_MESO regional ensemble forecast operational system developed by the Numerical Weather Prediction Center of the China Meteorological Administration, the methodology employed to generate the forecast bears resemblance to the approach outlined in the paper by Shahi et al. [24], albeit adapted for the South Asian monsoon region. The spatial resolution of this model product is 0.15° × 0.15°, covering a spatial range of 15° N–64.35° N, 70° E–145.15° E. The study period for model data is from 1 June 2019 to 11 August 2019, with forecast lead times ranging from 1 to 3 days. The model consists of 15 ensemble members. The primary focus of this study is to examine the correction effects of the FMM correction method on model biases. Additionally, for daily forecasts at various local stations, the post-processing results of the model serve as deterministic forecasts, providing prompt indications for operational precipitation forecasts. Considering these factors comprehensively, the research will initially compute the arithmetic mean of the ensemble members to obtain an ensemble mean forecast, representing the forecast performance of the model. Subsequently, the ensemble mean forecast will undergo post-processing using the FMM correction method. A comparative analysis will then be conducted between the corrected precipitation forecast and the geometric mean forecast of the model before correction, leading to conclusions regarding the applicability of the FMM correction method for this model.



To minimize calculation errors, both observation and forecast data were uniformly processed to a horizontal resolution of 0.15° × 0.15°, covering a spatial range of 15° N–60° N, 70° E–140° E. The ensemble member forecasts were averaged arithmetically to obtain the ensemble mean forecast of 24 h accumulated precipitation with lead times of 1–3 days. The training period was 30 days and the correction period was from 1 July 2019 to 11 August 2019, with correction lead times ranging from 1 to 3 days. The verification samples matched the correction period.




2.2. Correction Methods


The basic idea of the FMM is to adjust the biased forecast frequency to a more accurate reference frequency by statistically analyzing the reference frequency and forecast frequency of precipitation under different threshold conditions. This ensures consistency in precipitation frequency at the same magnitude. The central idea of the frequency matching used in this paper assumes that the forecast frequency of precipitation at a certain threshold should be the same as the observed frequency at that threshold. Generally, forecasted precipitation at different thresholds may exhibit overestimation or underestimation phenomena, requiring adjustment of the forecasted precipitation to match the frequency of observed precipitation at the corrected magnitude.



To achieve this, CCs for different threshold precipitation magnitudes were computed during the training period by comparing the forecasted and observed precipitation. These CCs were then applied to correct the forecasted precipitation during the forecast period.



Initially, it was necessary to calculate the CDF values for a series of precipitation thresholds to obtain information about the observed and forecasted precipitation frequencies. The CDF represents the number of grid points in a given space where precipitation exceeds a certain threshold. In this paper, a simple Kalman filtering method was used to improve the observed and forecasted CDF, expressed as follows:


    C D   F   x , t    ¯  = ( 1 − W )   C D   F   x , t − 1    ¯  + W ( C D   F   x , t   )  



(1)







Here,   C D   F   x , t     represents the CDF on the   t  -th day with a threshold of   x  ,     C D   F   x , t    ¯    is the decreasing average CDF on the   t  -th day with a threshold of   x  ,     C D   F   x , t  - 1     ¯    is the decreasing average CDF on the previous day, and W is the decreasing weight coefficient, ranging from 0 to 1. The value of W is determined by the training length     n d    , which is the length of the spatial sliding window used in the statistical CDF, and the expression is as follows:


  W =   1   n d    



(2)







Thus, the construction of the decreasing average CDF, obtained through the use of a sliding window for statistical purposes, was completed. The proportion of the     C D   F   x , t − k    ¯    on the   t − k  -th day relative to     C D   F   x , t    ¯    was influenced by W and the time distance   k   between     C D   F   x , t − k    ¯    and     C D   F   x , t    ¯   . The weight of     C D   F   x , t − k    ¯    in relation to     C D   F   x , t    ¯    is given by       1 − W     k    , and the weight decreased as the value of the time distance   k   increased. As the value of W increased, the weight associated with the time distance   k   decreased more rapidly as the time distance increased. This adaptive iterative construction reflected not only the average forecast magnitude of the model over a certain period, capturing recent climate features, but also emphasized the recent forecast magnitude of the model, allowing it to capture the impact of short-lived weather systems on precipitation. In this paper, based on the life history characteristics of precipitation systems affecting the South China region and decisions from previous studies, a window size   n d   of 30 days (  W =   1   30    ) was adopted for statistical improvements to the CDF. Addressing the issue of initial values during training, a specific numerical value was required. In this study, a cold start approach was used for the statistical calculation of CDF, i.e.,     C D   F   x , 0    ¯  = 0   was set as the initial value.



Next, we calculated the CCs for adapting to various forecasted precipitation amounts. For simplicity in computation, we normalized the calculation by dividing the decreasing average CDF for both observed and forecasted thresholds by     C D   F   0 , n d    ¯   . We obtained two standardized decreasing average CDF curves, hereinafter referred to as frequency curves.



For a non-corrected forecasted precipitation amount (hereinafter referred to as RAW), if there exists a point on the observed curve where the frequency value is equal to the frequency value of RAW, the precipitation amount corresponding to this point on the observed curve (hereinafter referred to as CAL) is the precipitation amount that RAW should have. To correct the precipitation amounts for all forecasted grid points, the below two steps were followed.



Step one: A series of precipitation thresholds   T ( n )  :   T 1  ,   T 2  ,   T 3  ,…,   T n   was listed in ascending order. The corresponding frequencies on the forecast curve were   F ( n )  :   F 1  ,   F 2  ,   F 3  ,…,   F n  , while the corresponding frequencies on the observed curve were   O ( n )  :   O 1  ,   O 2  ,   O 3  ,…,   O n  , where   F ( n )   and   O ( n )   were both monotonically decreasing sequences. A linear equation was established between two adjacent points on the observed curve. This yielded a piecewise function mapping from   T n   to   O ( n )  . Within the range of values for [  O 1  ,   O n  ], a series of values as close as possible to the corresponding values in   F ( n )  ,     O   *   ( m )  ,     O   *   1  ,     O   *   2  ,     O   *   3  ,…,     O   *   m  , was identified and arranged in ascending order, m > n. The sequence of abscissa corresponding to     O   *   ( m )   in the piecewise function was     T   c a l   ( m ) ,   T   c a l   1 ,   T   c a l   2 ,   T   c a l   3  …,     T   c a l   m  . This was reassembled with the corresponding m   T ( n )   values for the m   F ( n )   values to form a new sequence:     T   r a w   ( m ) ,   T   r a w   1 ,   T   r a w   2 ,   T   r a w   3  …,     T   r a w   m ,   where     T   r a w   ( m )   is a subset of   T ( n )  . The correction coefficient   R ( m )   was obtained through     T   c a l   ( m )   and     T   r a w   ( m )   (    R   i   =   T   c a l   i /   T   r a w   i , i = 1,2 , . . . , m  ). This yielded CCs for a finite number of forecasted precipitation amounts.



Step two: A piecewise function mapping was established from     T   c a l   ( m )   to   R ( m )   using the same method as for mapping   T ( n )   to   O ( n )  . For grid points with forecasted precipitation amounts between [    T   c a l   1  ,    T   r a w   m  ], corresponding CCs were obtained. CAL was obtained by multiplying RAW by the corresponding correction coefficient. For precipitation grid points corresponding to   R A W >   T   r a w   1   and   R A W <   T   r a w   m   without corresponding CCs, the CCs R1 and Rm were applied to them based on the nearest principle, respectively. In summary, the frequency matching for all grid points and precipitation amounts was completed.




2.3. Evaluation Methods


The TS score is a commonly used scoring method based on two-class classification. It has been incorporated into the scoring system for deterministic forecasts as an evaluation metric. The precipitation classifications are as follows.



TS Score Formula:


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



(3)







In the formula, as shown in Table 1, NA represents the number of correctly forecasted precipitation events, NB represents the number of false alarms, and NC represents the number of misses. A higher TS score indicates better forecast results.





3. Comparative Analysis of Correction Experiment Cases


To analyze the correction method’s applicability to precipitation elements, it is necessary to analyze different precipitation magnitudes through case studies and verify the correctness of the correction method during the correction process by examining intermediate data. In the following analysis section, we will examine the correction process and results for two precipitation events in July 2019, specifically on July 11th and July 5th. On July 11th, scattered thunderstorms occurred in South China, with localized heavy rainfall. For such precipitation events, the predictability of the model was relatively low, and the accuracy of forecasting heavy rainfall was limited. On July 5th, there was a strong precipitation event in the northern part of South China. For these types of precipitation events, the model’s accuracy in predicting both magnitude and spatial distribution was relatively poor. These two events are representative. To analyze the forecasting performance under different lead times, we analyzed the precipitation distribution for two days in advance and one day in advance, respectively.



3.1. CDF Statistical Test Analysis


Due to the coarse selection of correction thresholds in this study, which are 1 mm, 10 mm, 25 mm, 50 mm, and 100 mm, the CDF curves of the forecast were located below the observed CDF curve for each threshold. In other words, the forecasted precipitation frequencies for each threshold were lower than the observed precipitation frequencies.



From the observed and forecasted CDF curves for the precipitation event on 11 July 2019 (Figure 1), it can be observed that for precipitation magnitudes below 25 mm, the forecast frequencies were closer to the observed frequencies with a lead time of 3 days. However, for precipitation magnitudes of 25 mm and above, the forecasted precipitation frequencies became closer to the observed values as the lead time decreased.



This observation aligns with previous research findings indicating a common model error, where the frequency of light precipitation is overestimated, while the frequency of heavy precipitation is underestimated. This error becomes more pronounced with longer lead times. This indirectly highlights the necessity of correction for model precipitation forecasts, especially for forecasts with longer lead times.



Compared to the precipitation event on 11 July 2019, the model’s forecasted precipitation frequency curves for various thresholds on July 6th (Figure 2) were closer at different lead times, indicating better forecast stability for this event. However, for both events, the model tended to show significant deviations from the observations, particularly for the 25 mm threshold. This suggests a necessity for correction, especially for moderate to heavy precipitation forecasts.



However, regarding the calculation formula for CCs, the magnitude of the CCs is not only related to the difference between forecasted and observed frequencies, but also to the frequencies corresponding to the corrected magnitude. Therefore, the necessity of correction for heavy rainfall and above still needs to be examined by analyzing the CCs under various correction thresholds.




3.2. Correction Coefficient Analysis


Since this correction method can be applied to ensemble forecasts and provides a reference for forecasters to make direct judgments in operational forecasting, it is crucial for the program to use minimal computational resources to ensure smooth operation in operational forecasting and timely provisioning of deterministic forecast information from ensemble forecasts. Therefore, it is necessary to simplify the correction for non-essential precipitation thresholds by examining the CCs for each threshold.



From the analysis of correction coefficient variation curves for different precipitation thresholds at various lead times based on the case study on 11 July 2019 (Figure 3), it can be observed that the CCs increased to varying degrees with increasing precipitation thresholds. Specifically, the CCs for a 1-day lead time were generally smaller than those for a 2-day lead time across all thresholds. Moreover, for a 3-day lead time forecast, the CCs were 0 for thresholds between 1 and 10 mm, but they showed a gradually increasing trend with increasing precipitation magnitudes.



Therefore, it can be preliminarily inferred that as the precipitation magnitude increased and the lead time of the forecast extended, the CCs also increased, indicating a greater necessity for correction.



Similar to the case study on 11 July 2019, the CCs for different lead times increased to varying degrees with increasing precipitation thresholds in the case study on 6 July 2019 (Figure 4). However, for the 1-day lead time forecast, the variation trend of the CCs in the July 5th case study was more pronounced compared to the July 11th case study. This indicates that for the July 5th case study, the CCs for both the 1-day and 3-day lead time forecasts increased more significantly with increasing correction thresholds.



The analysis results for both case studies exhibited similar characteristics: as the precipitation magnitude increased and the lead time of the forecast extended, the CCs also increased, indicating a greater necessity for correction.




3.3. Comparative Analysis of Precipitation Distribution before and after Correction


Compared to deterministic forecast models, the arithmetic mean forecast of ensemble members in ensemble forecast models tends to have higher accuracy in predicting precipitation distribution. However, a simple arithmetic mean tends to smooth out extreme information in ensemble forecast models, resulting in underestimated precipitation magnitudes. Therefore, when using ensemble forecast models for deterministic forecasting, it is necessary to correct the ensemble mean forecast. The FMM studied in this paper is based on this principle of correction.



To verify the effectiveness of this method in correcting precipitation magnitudes and spatial distribution, the precipitation distributions before and after correction were compared with observations from the selected case studies. An analysis was also conducted before and after correction to evaluate the effectiveness of the correction.



The below figures depict the observed precipitation distribution on 11 July 2019 (Figure 5b), the original model’s 2-day lead time precipitation forecast distribution (Figure 5c), the precipitation forecast distribution after correction (Figure 5d), and the difference in precipitation forecast before and after correction (Figure 5a).



Comparing the observed precipitation distribution with the original model forecast, it is evident that for localized thunderstorms like these, the ensemble mean forecast tends to underestimate precipitation magnitudes due to the smoothing effect of its arithmetic mean. However, the forecasted spatial distribution of precipitation is relatively accurate.



After applying the FMM for correction, the precipitation forecast improved in both spatial distribution and magnitude, closely resembling the observed precipitation. Particularly, for areas along the eastern coast of Guangdong Province, such as Huizhou and Shantou, the forecasted heavy precipitation areas were accurately captured. However, due to resolution issues in model forecasts, there may still be some overestimation errors for heavy precipitation forecasted on the northwest side of South China after correction.



Based on the description provided, for the case study on 6 July 2019 (Figure 6), there was a significant precipitation event in the northern part of South China, primarily affecting northern Guangxi and northern Fujian. The ensemble mean forecast of the model somewhat captured this precipitation event in the northern part of South China, but the forecasted precipitation center was mainly located in the southern part of Hunan Province, resulting in a certain degree of underestimation of the main precipitation area observed.



After applying the frequency matching correction, there was an increase in precipitation magnitudes and an expansion of the heavy precipitation area, making the precipitation forecast closer to the observed values in terms of magnitude. However, there still may be an overestimation bias in the forecasted precipitation for the southern part of the Hunan Province after correction.





4. Quantitative Comparison Analysis before and after Correction


For assessing the effectiveness of deterministic forecasts, there are various evaluation methods available. Since precipitation events are typically binary (either it occurs or it does not), the TS score is commonly used as a metric to evaluate whether precipitation events occur.



4.1. Comparative Analysis of TS Scores and Hit Rate


The figures below illustrate the TS scores for precipitation forecasts of various magnitudes in the South China region under different lead times, comparing the FMM after correction (Figure 7a) and the ensemble mean of the model before correction (Figure 7b). The colors indicate the TS scores, with blue shades indicating lower scores and red shades indicating higher scores.



For both pre- and post-correction forecasts, as the lead time increased and the precipitation magnitude rose, the TS scores tended to decrease. However, after frequency matching correction, the decrease in TS scores with increasing lead time and precipitation magnitude was less pronounced compared to the ensemble mean.



In comparison, except for the 1–10 mm precipitation magnitude forecasted one day in advance, the TS scores after correction remained unchanged or higher compared to before correction for other precipitation magnitudes and lead times. This suggests that the FMM has an overall positive effect on precipitation forecasts in the South China region, especially for longer lead times and higher precipitation magnitudes, where the correction effect is more significant.



To visually demonstrate the correction effect of the FMM for precipitation forecasts of various magnitudes under different lead times, we subtracted the TS scores after correction from those before correction to obtain the distribution of TS score differences. In the graph (Figure 7c), the horizontal axis represents the lead time, the vertical axis represents the precipitation magnitude, and colors indicate the magnitude of the correction effect, with red indicating a better correction effect, white indicating no correction effect, and blue indicating lower TS scores after correction than before.



From the graph, it is evident that for light rain (1–10 mm), the TS scores after correction were consistently lower than before correction, with a more pronounced negative correction effect as the lead time decreased. Combining this with the TS scores before correction, it can be observed that the ensemble mean forecasts achieved TS scores of 0.35 or higher for light rain, with TS scores reaching 0.4 or higher for a 1-day lead time forecast. This suggests that the ensemble mean forecasts have inherently good predictive performance for light precipitation, possibly due to the smoothing effect of the ensemble mean having a positive predictive effect on light precipitation.



For moderate rain (10–25 mm), the correction initially showed a negative effect for a 1-day lead time forecast, but as the lead time increased, the correction effect gradually became positive, with a positive correction effect observed for a 3-day lead time forecast. For heavy rain (25–50 mm) and torrential rain (50–100 mm), the FMM demonstrated a significant correction effect, with higher TS scores after correction compared to before correction, especially for shorter lead time forecasts.



The TS score is a commonly used metric in operational forecasting to evaluate the performance of precipitation forecasts. However, considering the uncertainty associated with forecasts, additional metrics are required for supplementary analysis. In this study, Hit Rate was utilized to analyze the correction effects of precipitation forecasts (see Figure 8). From the perspective of Hit Rate, the accuracy of the original model forecast (Figure 8b) noticeably decreased with increasing lead time and precipitation intensity. This downward trend was more pronounced than that observed in the TS score, indicating that the decrease in TS score with increasing lead time and precipitation intensity can be mainly attributed to the Hit Rate contribution. After FMM correction, the Hit Rate (Figure 8a) demonstrated a significant improvement compared to the GRAPES model, outperforming the TS score (Figure 8c). This implies that the FMM method enhanced the Hit Rate of precipitation forecasts in the southern region of the GRAPES model, surpassing the TS score. Furthermore, this suggests that the FMM method may result in some overestimation, leading to relatively high false alarm rates (Figure omitted).




4.2. TS Score Growth Rate


In the above analysis, it was shown that for precipitation magnitudes of heavy rain and above, the correction effect of the FMM is better for forecasts with shorter lead times. However, since subjective correction by forecasters is already optimal for forecasts with shorter lead times, it raises the question of whether the correction effect of the FMM is better for forecasts with shorter lead times for precipitation magnitudes and lead times where a positive correction effect is observed. Further analysis is needed to determine this. Below, we will analyze and present the growth rate of TS scores for forecasts of different precipitation magnitudes under various lead times.



The red, blue, and green curves in the graph below represent the TS score growth rates of frequency-matched precipitation correction forecasts for lead times of 1 day, 2 days, and 3 days, respectively (Figure 9). The values on the vertical axis are the logarithm of the growth rates. Precipitation magnitudes where frequency matching had a negative correction effect for the respective lead times are not shown in the graph.



It can be observed that the TS score growth rate curves for each lead time are displayed for precipitation magnitudes of 25 mm and above, indicating that the FMM has a certain correction effect on heavy rain and above precipitation magnitudes. All curves show an increasing trend as the precipitation magnitude increases, with the trend becoming more pronounced for longer lead times. This suggests that for heavier precipitation magnitudes, there is a greater necessity for frequency matching correction, and the correction effect becomes more significant with longer lead times.





5. Discussion and Conclusions


The study utilized real-time forecast products from the GRAPES_MESO regional ensemble forecast model developed by the China Meteorological Administration’s National Meteorological Center, with forecasts issued 12 h in advance for lead times of 1–3 days. These forecasts were combined with homogenized precipitation grid data from national-level surface meteorological stations as observational data. The FMM was applied to correct precipitation forecasts for light rain, moderate rain, heavy rain, and torrential rain magnitudes. Comparative analysis was conducted through case studies and statistical tests (TS scores) to evaluate the forecast performance before and after correction. The following conclusions were drawn:




	(1)

	
The model’s CDF curves exhibited deviations compared to observations, with the discrepancies becoming more pronounced with longer lead times. Therefore, the necessity for correction of model precipitation forecasts, especially for longer lead times, is apparent.




	(2)

	
The CCs showed a gradually increasing trend with higher precipitation magnitudes, indicating that as the precipitation magnitude increases and the lead time extends, the necessity for correction becomes more significant.




	(3)

	
Analysis of two precipitation cases in Southern China in July 2019 revealed through frequency matching correction that as precipitation magnitudes increase, the range of heavy rainfall expands. After frequency matching correction, the precipitation forecasts became more aligned with observations in terms of magnitude.




	(4)

	
Statistical tests using TS scores demonstrated that frequency matching correction has a certain corrective effect on precipitation forecasts in Southern China overall, particularly for forecasts with longer lead times and higher precipitation magnitudes, where the correction effect was more pronounced.




	(5)

	
Frequency matching correction showed a certain corrective effect for heavy rainfall and above magnitudes of precipitation. Additionally, for shorter lead times, the TS scores after correction were higher compared to before correction.




	(6)

	
The necessity for frequency matching correction becomes more apparent for heavier precipitation events. Furthermore, the correction effect becomes more pronounced with longer lead times.
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Figure 1. CDF distribution curves for various lead time days on 11 July 2019. 
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Figure 2. CDF distribution curves for various lead times (in days) on 6 July 2019. 
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Figure 3. Distribution curve of CCs for various lead time (in days) on 11 July 2019. 
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Figure 4. Distribution curve of CCs for various lead times (in days) on 5 July 2019. 
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Figure 5. Distribution of correction zone (a), actual precipitation (b), original forecast (c), corrected forecast (d) for a lead time of 2 days on 11 July 2019. 
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Figure 6. Distribution of correction zone (a), actual precipitation (b), original forecast (c), corrected forecast (d) for a lead time of 1 day on 6 July 2019. 
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Figure 7. TS scores before (a) and after (b) correction, and distribution of TS score differences before and after correction (c). 
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Figure 8. Same as Figure 7, but for Hit Rate. 
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Figure 9. Logarithmic plot of TS growth rate before and after correction. 
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Table 1. Precip