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Abstract: This study aimed to address the significant bias in 0-44-day precipitation forecasts under nu-
merical weather conditions. To achieve this, we utilized observational data obtained from 156 surface
stations in the Sichuan region and reanalysis grid data from the National Centers for Environmen-
tal Prediction Climate Forecast System Model version 2. Statistical analysis of the spatiotemporal
characteristics of precipitation in Sichuan was conducted, followed by a correction experiment based
on the Analog Ensemble algorithm for 0—44-day precipitation forecasts for different seasons in the
Sichuan region. The results show that, in terms of spatial distribution, the precipitation amounts
and precipitation days in Sichuan Province gradually decreased from east to west. Temporally, the
highest number of precipitation days occurred in autumn, while the maximum precipitation amount
was observed in summer. The Analog Ensemble algorithm effectively reduced the error in the model
forecast results for different seasons in the Sichuan region. However, the correction effectiveness
varied seasonally, primarily because of the differing performance of the AnEn method in relation
to precipitation events of various magnitudes. Notably, the correction effect was the poorest for
heavy-rain forecasts. In addition, the degree of improvement of the Analog Ensemble algorithm
varied for different initial forecast times and forecast lead times. As the forecast lead time increased,
the correction effect gradually weakened.

Keywords: precipitation forecast; analog ensemble; precipitation statistics; forecast correction

1. Introduction

The Sichuan Basin (SCB) in southwestern China is situated on the Tibetan Plateau,
Yunnan-Guizhou Plateau, Wu Mountains, and Daba Mountains. Due to its unique topog-
raphy, the SCB region is at risk of frequent heavy rainfall events during the warm season,
resulting in severe floods and landslides that cause significant damage to life and prop-
erty [1]. As a result of advancements in supercomputing and numerical weather prediction
(NWP) methodologies, NWP can deliver continuous heavy-rainfall forecasts ranging from
minutes to months [2—4]. Nevertheless, the capacity of NWP to forecast heavy precipitation
in the SCB region is constrained, particularly in the context of large-scale precipitation
prediction, because of its complex topographic characteristics [5-8]. Previous studies have
shown that precipitation patterns in complex mountainous terrains are influenced by a
variety of topographic factors and that the spatial representativeness of precipitation sta-
tion observation data is poor, limiting the applicability and accuracy of remote sensing,
reanalysis of meteorological products, and traditional interpolation methods [9]. Moreover,
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research has indicated that because of terrain complexity, sparse distribution of ground
precipitation observation stations in remote areas, the limited number and maintenance
difficulties of observation stations in high-altitude areas, and the accompanying three-
dimensional climate in complex terrain regions, existing station data face challenges in
providing accurate spatiotemporal precipitation-distribution information [10]. The exter-
nal forcing of special terrain and the limited forecasting capabilities of global numerical
prediction models and high-resolution mesoscale numerical models lead to difficulties in
predicting heavy rainfall in mountainous areas [11].

To reduce the systematic and random errors of NWP in complex terrain, previous
studies have explored statistical and machine learning methods and made corrections to
model output results [12]. Research has been conducted on the correction of precipitation
forecasts. For instance, Luca et al. [13] employed the weighted average of simulated obser-
vations for post-processing numerical weather forecasts, achieving a 35% improvement
compared to the original predictions. Falck et al. [14] investigated the use of stochastic error
models with empirical rainfall ensemble datasets, which improved the regional numerical
weather forecast model by 60%. Zhao et al. [15] implemented a combination of nonlinear
and nonparametric algorithms to optimize numerical weather forecast data, correcting
probability density values and adjusting errors, leading to the effective integration of physi-
cal and statistical information and improved forecast accuracy. De Giorgi et al. [12] utilized
numerical weather parameters that had the greatest impact on improved statistical models
for post-processing numerical weather forecast results, effectively increasing the forecasting
ability for power generation in complex-region wind farms. Nandar et al. [16] designed a
weather forecasting system based on the Bayesian Network (BN) model, which displayed
conditional probabilities and causal relationships between variables, achieving acceptable
forecast accuracy in experimental results. Zhao et al. [17] proposed an innovative method
for correcting precipitation forecasts of the European Centre for Medium-Range Weather
Forecasts (ECMWEF) by combining convolutional neural networks (CNN) and random
forest regression models. In this method, the classification of station precipitation-forecast
values according to the ECMWEF model was first conducted, followed by the calculation of
high-correlation factor matrices corresponding to different levels.

The Analog Ensemble (AnEn) technique serves as a significant method for forecast
correction [18]. Monache et al. [18] introduced an analog-based strategy known as the
analog ensemble (AnEn). To create ensembles, this method estimates the probability dis-
tribution of future atmospheric conditions by using a collection of historical observations
that best resemble a deterministic NWP. AnEn has been demonstrated to be effective in
various meteorological applications, such as probabilistic precipitation forecasts, 850 hPa
temperature, 2 m temperature, and 10 m wind speed [13,19-21] Cervone et al. [22] em-
ployed artificial neural networks (ANN) and AnEn to correct synthetic data generated
by 4450 solar power plants, constructing deterministic probability forecasts for the next
72 h. Hu et al. [23] proposed an evolutionary algorithm for dynamically and automatically
learning optimal unstructured grid patterns to reduce spatial and temporal inconsistencies
in some physical changes. The results demonstrate that the algorithm can optimize the
available computational resources and generate probabilistic forecasts in the AnEn model.
Junk et al. [24] designed static and dynamic weighting algorithms to enhance the effective-
ness of AnEn in wind power forecasting; the results showed a 20% improvement over the
original predictions for both onshore and offshore sites. Monache et al. [18] applied the
AnEn method to precipitation forecasting, providing an excellent solution for assessing the
uncertainty of precipitation forecasts.

The aim of this study was to address the significant biases present in 0—44-day pre-
cipitation forecasts in numerical weather prediction by utilizing observation data from
156 surface stations in Sichuan Province and reanalysis grid data from the National Centers
for Environmental Prediction Coupled Forecast System Model version 2 (NCEP CFSv2).
The AnEn algorithm was implemented in experimental settings to correct 0-44-day precipi-
tation forecasts across various seasons in Sichuan Province. These experiments analyzed
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the numerical prediction errors in extended-range precipitation forecasts and investigated
appropriate methods for adjusting these forecasts in the region, utilizing CFSv2 precipita-
tion forecasts (beginning at 00 UTC) from 1 January 2017, to 30 December 2020. The goal of
this study was to contribute to the development of effective strategies for mitigating the
risks associated with natural disasters in Sichuan Province. The remainder of this article is
structured as follows: Section 2 offers a comprehensive overview of the data and methods
employed in this study; Section 3 presents a statistical analysis of the spatiotemporal charac-
teristics of precipitation in Sichuan; Section 4 examines the comparison results between the
CFSv2 model and observed values, along with the implications of bias correction; finally,
Section 5 provides a summary and in-depth discussion of the research findings.

2. Overview of the Study Area

Sichuan Province is located in western China. Owing to its geographical position at
the intersection of the first and second steps of China’s topographical gradient, Sichuan
Province exhibits diverse and complex terrain characteristics with significant fluctuations
in landforms and considerable differences in elevation (Figure 1). The western region of
Sichuan is dominated by plateau topography, with higher elevations towards the west,
making it part of the Qinghai-Tibet Plateau and the Transverse Mountain Range. Moving
eastward from the western region, the terrain descends rapidly and enters the lowest eleva-
tion area of the second step, the Sichuan Basin. Compared to the western region, the basin
has a relatively flat terrain and lower elevation, with a dense distribution of meteorological
stations. Numerical prediction models encounter challenges in handling steep, tall, and
complex terrains such as plateaus, mountains, and plains, along with their associated phys-
ical processes. Moreover, the scarcity and sparse distribution of meteorological observation
data in these complex regions further complicate precipitation forecasting.
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Figure 1. Distribution of meteorological stations in Sichuan Province, marked with purple dots.
The figure also depicts the height of each station. The triangular region corresponds to the city of
Chengdu.

3. Data and Methodology
3.1. Data and Pre-Processing

In this study, daily precipitation observation data from 156 national meteorological
stations in Sichuan Province, China, were collected from 2017 to 2020. The data were
sourced from the Sichuan Climate Center. The distribution of these stations is shown in
Figure 1. The topography of the Sichuan region is complex, with diverse geographical
features such as plateaus, mountains, and hills. Plains areas have a higher density of
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meteorological stations than complex terrain regions, and the border areas between the
plateau and mountainous regions exhibit a concentrated distribution of stations, such as
those in Chengdu (red triangle in Figure 1). The northwestern mountainous area has a high
elevation and sparse, uneven distribution of meteorological stations, whereas the eastern
plains of Sichuan have a relatively flat topography and a uniform distribution of stations.

Subsequently, daily precipitation data from the meteorological stations were processed
as a preparatory step for model correction. To maintain data continuity and adhere to
the longest time principle, this study implemented three quality control methods, namely,
internal consistency check, climatic boundary value check, and station extreme value check,
while interpolating missing data using moving-average and anomaly-detection methods
and smoothing daily precipitation data to mitigate the impact of short-term fluctuations on
the analysis [25].

We also screened for missing data; if a station had more than 5% of the data missing in
a year, that year’s data for the station were considered missing and only stations without
missing data were retained. For stations with relocation issues, the criteria established by
Zhai and Ren [26] were used: if a station’s location moved more than 20 km or its elevation
changed by more than 50 m, the station was excluded.

Daily ground precipitation forecasts for the 44-day future period from 2017 to 2020
were obtained using the CFSv2 model. Numerical forecast grid data were derived from the
NCEP CFSv2. The NCEP-CFSv2 model is a real-time dynamic prediction system developed
by the U.S. Environmental Prediction Center that comprehensively considers the impacts
of the oceans, land, sea ice, and atmosphere. The model data include hindcasts from 1982
to 2019 and real-time forecasts. Each month, the model integrates the initial fields for
four different times, with 24-28 ensemble members for prediction at a resolution of 1°
latitude x 1° longitude. CFSv2 is an upgraded version of CFSv1 with an improved data
assimilation system, for land, ocean, and initial conditions. The atmospheric component
uses the NCEP Global Forecast Model, the ocean component uses the GFDL MOM4 model,
and the land component uses a 4-layer land surface model. The initial fields were based on
National Center for Environmental Prediction (NCEP) Climate Forecast System Reanalysis
(CFSR) [27].

The precipitation forecast for Sichuan Province was obtained through a bilinear inter-
polation process, which was used to interpolate CFSv2 data to 156 specific locations within
the province. The study area was systematically divided into regular grids, with each grid
point serving as a reference node for interpolation. The four nearest CFSv2 data points
were identified for each of the 156 target locations, based on their proximity.

A bilinear interpolation method was employed to estimate the precipitation at a
specific target location. This method uses a weighted average of the four nearest data
points. The interpolation weights were computed by considering the distances between the
target location and surrounding CFSv2 data points. The closer a data point to the target
location, the higher the weight assigned during the interpolation process. By applying
these calculated weights, the CFSv2 precipitation values were interpolated for each of the
156 target locations within the province.

3.2. Method
3.2.1. AnEn Method

Monache et al. [18] introduced the AnEn method to derive uncertainty forecasts from
deterministic forecasts. This approach calculates uncertainty information using a set of M
historical verifying observations (e.g., wind power) associated with M historical forecasts
(analogs) that closely resemble current deterministic forecasts. By directly incorporating
the verified observations as ensemble members, any observational errors in the verification
were instantly accounted for. A cost function was employed to determine the multivariate
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metric that measured the similarity between the present deterministic forecast and past
predictions from a historical dataset [28-32].

No g |
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At the same spatial location, F; denotes the model forecast for the future at current
time t; A; refers to the historical forecast at a similar initial time and forecast lead time
in the current deterministic forecast; N, and w; represent the number of forecast factors
associated with the forecast element and their respective weights (in this study, N is set to
1, making w; equal to 1) [33-36]; 0y, signifies the standard deviation of the historical time

series for the ith factor; and ¢ corresponds to the time window (in this study, ¢ issetto 1,
meaning both the previous and subsequent time steps of the current forecast are considered
for calculation). ||F;, Ay || can be interpreted as the ‘distance” between the two factors in
a multidimensional vector space, with a smaller ‘distance’ indicating a higher similarity
between them [37,38].

3.2.2. Evaluation Method

The Root-Mean-Square Error (RMSE) was obtained by computing the squared differ-
ences between the predicted and observed values, calculating their average, and taking
the square root of the average. A lower RMSE typically indicates a better fit between the
predictions and actual observations [39].

Nl—

ERmSE = %2?:1 (fi—0;)* 2

where 1 is the number of lattice samples in the space field, f; is the forecast value of the ith
sample, and o; is the observation of the ith sample [40]. RMSE quantifies the discrepancy
between the forecasted and analyzed fields; a larger value indicates a greater forecasting
error [41].

3.2.3. Interpolation Methods: Bilinear Interpolation

To acquire extensive spatial precipitation data, this study employed a bilinear inter-
polation approach to interpolate the grid data to the corresponding observation stations,
as described by Li and Heap [42,43]. The interpolation process also handled missing or
irregular daily precipitation data based on spatial autocorrelation.

First, we collected the grid and station data and established the interpolation range.
Subsequently, at each time step, an individual bilinear interpolation was performed for
each station. For each target station, the four nearest grid points were identified and a
weighted average was calculated using the data from these grid points and their relative
distances to the target station, ultimately deriving the estimated value for the target station.
This process was iterated throughout the entire time range until the daily precipitation data
from all stations displayed comprehensive spatial distribution information. Utilizing this
method, the study accomplished the cyclical interpolation of multiyear grid data, setting
the groundwork for subsequent correction efforts [44—46].

We estimated the value at point (x,) on a rectangular grid; the coordinates and values
of the four corners of the rectangle were (x1, y1, f1), (X1, 2, f2), (x2,¥1, f3), and (x2, y2, fa),
where x1< x < xp and y1< y < y». The estimated value of f(x,y) at point (x,y) is:

flxy) = m[fl(xz —)(y2—y) + fslx —x1)(y2 — )

+fa(xa = x)(y —y1) + falx — x1)(y — y1)] ®
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where (x,y) are the coordinates of the point to be estimated, f(x,y) is the estimated value, f1,
f2, f3, and f4 are the values at the four corners of the rectangle, and x1, y1, x, and y, are
the coordinates of the four corners of the rectangle [47-49].

4. Statistical Characteristics of Surface Precipitation Observations and Forecasts

To improve the accuracy of rainfall prediction models, it is imperative to conduct
a statistical analysis of precipitation characteristics across different regions in Sichuan.
Furthermore, comparative assessments of the model prediction errors for different seasons
are required. The key parameters required for the corrections in this study were derived
from statistical analyses.

4.1. Spatial Distribution Characteristics of Annual Precipitation in Sichuan

Considering both the annual average precipitation (Figure 2) and the annual average
number of precipitation days (Figure 3) in the Sichuan region, it is evident that the western
mountainous highlands receive less rainfall in terms of both volume and frequency than
other areas. Here, the annual average precipitation was a minimum of 500 mm and the
smallest average number of annual precipitation days was 100, signifying scarce rainfall
in western Sichuan. In contrast, the central region, marked by complex topography at the
junction of the plains and highlands, is conducive to precipitation owing to significant
terrain variations. This area records a larger volume and number of rainy days, with the
highest annual average precipitation of 1300 mm and 200 annual precipitation days on
average. Finally, distinct precipitation patterns were observed in the eastern plains of
Sichuan. The central plains experience noticeably less rainfall than the surrounding regions,
with the annual average precipitation ranging from 800 to 1000 mm, which is slightly
higher than that of the western highlands. In contrast, the northeastern plains registered
fewer rainfall days but higher rainfall volumes, indicating the occurrence of intense rainfall
events, thus indicating that this region is prone to heavy rainfall episodes.

97.5°E 99° E 100.5° E 102° E 103.5° E 105° E 106.5° E 108° E
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31.5° N

28.5° N

27° N
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Figure 2. Annual average precipitation in Sichuan.
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Figure 3. Annual average number of precipitation days in Sichuan.

4.2. Temporal Distribution Characteristics of Annual Precipitation in Sichuan

The observational data of seasonal average precipitation (Figure 4) showed that sum-
mer received the highest amount of rainfall, reaching over 500 mm, while winter received
the lowest, at approximately 200 mm. The precipitation distribution during spring and
autumn was uneven, with discernible concentration centers represented by the Daba Moun-
tain and Western Sichuan rain screen belts. When comparing these observational results
with the forecast data (Figure 5), the temporal analysis suggests that winter forecasts show
the highest concurrence and smallest error, whereas summer forecasts demonstrate the
lowest concurrence and the most significant error. Spatially, the complex terrain at the
junction of the plains and highlands in Sichuan revealed the largest forecast errors, with
a noticeable underestimation in precipitation predictions, whereas in the central plains,
forecasts tended to overestimate rainfall. These two areas exhibited the most significant
error distributions, whereas the western highland mountainous area exhibited smaller and
more unevenly distributed errors.

The observational data of average precipitation days per season (Figure 6) showed that
autumn had the most rainy days, exceeding 55, whereas winter had the fewest at less than
10. Coupled with the analysis of average rainfall, it is evident that autumn has frequent
rainfall with less precipitation per event, signifying persistent autumn rain. In contrast,
summer experiences fewer rainfall events but with higher precipitation per event and is
thus more prone to short-term heavy rainfall. Combining observational and forecast data
(Figure 7), from a temporal perspective, winter showed the worst concurrence, whereas
autumn demonstrated the best. Spatially, the overall forecasts of the Sichuan region are
predominantly overestimated but the overestimation is most prominent in the central plains
and northern highlands, with the error magnitude typically decreasing from the east-west
extremes towards the center.



Atmosphere 2023, 14, 1223 8 of 18

500

450

- 400

100° E 103" E 106" E 100° E 103" E 106" E L 350

33° N L 300
31° N

2° N 250
27° N

200

100° E 103" E 106" E 100° E 103" E 106" E

Average Seasonal Precipitation / mm

Figure 4. Average seasonal precipitation in Sichuan from 2017 to 2020 ((a): spring, (b): summer,
(c): autumn, (d): winter).
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Figure 5. Average seasonal precipitation in Sichuan from 2017 to 2020 based on CFSv2 Forecasts
((a): spring, (b): summer, (c): autumn, (d): winter).
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Figure 7. Average seasonal precipitation days in Sichuan from 2017 to 2020 based on CFSv2 Forecasts
((a): spring, (b): summer, (c): autumn, (d): winter).

In summary, from a temporal perspective, summer forecasts presented the most
significant errors, whereas winter forecasts presented the fewest. From a spatial viewpoint,
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the central complex terrain of the Sichuan region had the largest number of forecast errors,
whereas the western highland mountainous area had the smallest.

5. Analysis of Analog Ensemble Method Application Results
5.1. Temporal Sequence Effectiveness Evaluation

An examination of the forecast results for the average precipitation in Sichuan over the
next 44 days using the CFSv2 model before and after correction (Figure 8) demonstrated
improved forecast performance after correction, regardless of the forecast extension period.
The RMSE was used as the evaluation metric, using the initial forecast times for each season
from 2019 to 2020. The RMSE before correction ranged from 9 to 11.5 mm, whereas the
RMSE after correction decreased by approximately 2 mm after correction. Before correction,
the RMSE increased sharply within the first 15 days of the forecast period, with a minimum
RMSE of 9 mm on day 1 and 11 mm on day 15. Subsequently, the rate of the RMSE
increase slowed and oscillated at approximately 11 mm. After correction, the RMSE was
significantly reduced to less than 9.5 mm and the rate of change was similar to that before
correction. The RMSE increased rapidly within the first 10 days, then slowed and remained
relatively stable at approximately 9.2 mm. The AnEn algorithm effectively reduced the
model’s forecast error and partially mitigated the negative impact of increasing errors
owing to the extension of the forecast period.

RMSE vs. Forecast Time

11.5 1

11.0

9.0 1
—&— Before Correction In Sichuan Region
—&— After Correction In Sichuan Region

T T T

0 10 20 30 40
Forecast Time (days)

Figure 8. RMSE before and after correction in Sichuan (red line represents before correction and
green line represents after correction).

In terms of the precipitation forecasts before and after correction for different seasons
(Figure 9), the corrected forecasts were superior regardless of the season. However, the
number of errors was the largest in summer, smallest in winter, and intermediate in spring
and autumn. The correction effect was the best in spring and summer, with the error
reduction reaching 34 mm, whereas the effect was slightly weaker in autumn and winter,
at approximately 1-2 mm. As the forecast extension period lengthened, the error growth
rate increased in spring and winter, with an overall upward trend, whereas a downward
trend was observed in summer and autumn. In autumn, before correction, the RMSE
decreased sharply from 9.5 mm to approximately 6 mm after 11 days of the forecast
period and then slowly declined to its minimum value of 4.5 mm at a forecast period of
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mm)

RMSE (i

(a)

40 days. After correction, the error trend remained unchanged, with an overall reduction
of approximately 1 mm. In summer, both before and after correction, the error size reached
a turning point at approximately 15 days of the forecast period, followed by a general
downward trend. The correction effect improved after 15 d.

(b)

—&— Before Correcting (Spring)
—a&— After Correcting (Spring)

£
w16
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—a&— After Correcting (Summer)
0 10 20 30 40 0 10 20 30 40
Forecast Time (days) Forecast Time (days)
(c) (d)
—&— Before Correcting (autumn) 5.5 ] —#&— Before Correcting (winter)
—a&— After Correcting (autumn) —a&— After Correcting (winter)
5.0
4.5
E 401
7]
2
3.54
3.0+
2.5+
0 10 20 30 40 0 10 20 30 40
Forecast Time (days) Forecast Time (days)

Figure 9. RMSE before and after correction for each season in Sichuan: (a) spring, (b) summer,
(c) autumn, and (d) winter; red line indicates before correction and green line indicates after correction.

It is noteworthy that compared with the entire period, summer and autumn exhibited a
different trend: the RMSE gradually decreased with the extension of the forecast period. We
found that owing to the distinct precipitation patterns in different seasons in the Sichuan
area, there were substantial differences in the error of model forecasts for each season.
Specifically, the RMSE in autumn was lower than that in summer and that in winter was
lower than that in autumn. As the forecast period extended, the actual forecast time
approached the next season, resulting in a decreasing RMSE trend in summer and autumn
over time. To some extent, this substantiates the significant differences in the errors of the
model forecasts during different seasons in the Sichuan area.

5.2. Investigation of Precipitation Events across Varying Magnitudes

The results from the CFSv2 precipitation forecast indicate that the highest forecast error
was observed in summer, followed by spring, autumn, and winter (Figure 9). However,
when considering the correction effects (Figure 10), the most substantial improvement
was observed in the spring precipitation forecast, whereas the correction for the summer
forecast tended to be less effective. Considering the climatic characteristics of the Sichuan
region, it can be postulated that the disparities between the forecast and correction results
across different seasons are primarily attributed to the variable performance of the CFS
model and AnEn algorithm in response to different precipitation amounts.
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Figure 10. Percentage reduction in RMSE after correction across different seasons in Sichuan.

We classified the precipitation samples from 2017 to 2020 in the Sichuan region accord-
ing to the daily rainfall levels into three classes: less than 10 mm (light rain), 10-25 mm
(moderate rain), and greater than 25 mm (heavy rain). We then calculated the RMSE
for the precipitation processes of different categories to compare the discrepancies in the
forecasting performance of the CFS model and AnEn method. As shown in Figure 11, the
largest forecasting error occurred in the prediction of heavy rain, followed by moderate
and light rain. This trend suggests that the accuracy of the CFS model deteriorates as the
rainfall amount increases. This observation may explain the larger errors observed during
the summer season, which is typically characterized by frequent heavy rain in Sichuan,
whereas lighter and moderate rain predominate in other seasons.

Considering the correction effects for different rainfall levels, the prediction accuracy
for light rain improved notably after correction and the correction effect closely mirrored
the effect observed when rainfall events were not categorized. This correlation may have
been due to the high proportion of light rain events in Sichuan. However, for moderate
and heavy rain events, the correction effects were less successful. In some instances, the
forecast errors increased post-correction, explaining the poor correction outcomes observed
in summer, a season with larger forecast errors.

From these results, we conclude that the diverse results produced by the model forecast
and AnEn algorithm across different seasons primarily stem from their varied performance
in predicting different levels of precipitation events.

5.3. Spatial Distribution Evaluation

Figure 12 presents the RMSE of the accumulated precipitation on 14 October 2019,
before and after correction for 156 observation stations. Overall, the AnEn method signifi-
cantly reduced the RMSE of the CFSv2 precipitation data. Before correction, the RMSE in
some regions exceeded 10 mm, particularly in areas with dramatic topographic changes in
central Sichuan. After correction, the RMSE for most station locations was reduced to 4 mm;
for some central stations, the reduction reached 10 mm. In contrast, a few stations near the
western Sichuan Basin experienced a higher RMSE after correction and the reduction was
smaller than that at the other stations. Additionally, there were a few stations in eastern
Sichuan where a comparison between the pre- and post-correction effects was not evident.
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Figure 11. RMSE before and after corrections for light, moderate, and heavy rain events in Sichuan:
(a) overall RMSE, (b) light rain, (c) moderate rain, and (d) heavy rain. The red line represents the
RMSE before corrections and the green line indicates the RMSE after corrections.
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Figure 12. Distribution of RMSE for CFSv2 forecast results as the field to be corrected: before
correction (a) and after correction (b). The correction time is 14 October 2019, and the colored solid

circles represent RMSE.

Considering the impact of observational data on model results, it is worth noting
that the pre-correction CFSv2 RMSE indicates a poorer forecast performance in central
Sichuan, where stations are densely distributed, compared to that in western Sichuan,
which has a sparse station distribution. At some central Sichuan stations, the error reached
14 mm, whereas the stations in eastern Sichuan exhibited consistently good forecasting data.
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Considering that central Sichuan serves as a boundary between complex and non-complex
regions with rapidly decreasing terrain, it is expected to have a significant influence on the
model forecast results.

In the preceding sections, we revised the model forecasts for all four seasons from
2019-2020. To more intuitively demonstrate the degree of improvement that the AnEn
corrections have imparted to rainfall predictions in the Sichuan area, we calculated the
RMSE before and after corrections for each forecast initiation time across the four seasons.
We selected the day with the greatest reduction in RMSE post-correction, comparing the
forecast results 1 day and 44 days before and after correction with the observed data.
Specifically, we chose the rainfall forecast initiated on 30 May 2019, with a forecast period
of 1 day (Figure 13). To contrast the varying effects of the model corrections for different
forecast durations, we also selected the daily rainfall volume forecast initiated on 30 May
2019, with a forecast period of 44 days (Figure 14).
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Figure 13. Daily precipitation in Sichuan Province on 30 May 2019, with a forecast time limit of 1 day,
in mm: (a) observed data, (b) uncorrected CFSv2 forecast results, and (c) corrected CFSv2 model
forecast results.
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Figure 14. Daily precipitation in Sichuan Province on 30 May 2019, with a forecast time limit of
44 days, in mm: (a) observed data, (b) uncorrected CFSv2 forecast results, and (c) corrected CFSv2
model forecast results.

As observed from the figures, the primary rainfall regions during this period were
situated in the western and northeastern parts of the plains, with sporadic rainfall areas
in southern Sichuan. Before correction, the model forecasts significantly overestimated
the precipitation, resulting in pronounced over-forecasting. The errors were primarily
concentrated in areas with complex topography in the southern highlands and at the
border, with a maximum error exceeding 10 mm. Concurrently, under-forecasting was
observed in the northeastern plains, particularly around the Daba Mountains. After cor-
rection, the forecasted rainfall regions were more accurate although the forecasted area
was larger than the actual area. However, the over-forecasting issue in areas with complex
topography had been broadly corrected. As a practical reference for actual forecasting, the
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corrected model forecast provides more precise cues regarding rainfall locations than the
pre-correction forecast.

With the extension of the forecast period, the model forecast errors notably increased.
Apart from minor areas in the southern and northern highlands, over-forecasting oc-
curred throughout Sichuan, with a maximum error exceeding 10 mm. After correction,
over-forecasting was substantially improved, reducing the error to approximately 5 mm.
Furthermore, the rainfall area originally located in the southwestern highlands was more
accurately forecasted after correction despite reductions in intensity and range. Simultane-
ously, the forecast results for the rainfall area in the southeastern plains shifted westward
and over-forecasting in the northeastern plains showed limited improvement. To some
extent, this evidence confirms the phenomenon of diminishing correction effectiveness
with forecast period extension.

5.4. Overall Performance Evaluation

To assess the accuracy of the CFSv2 model in forecasting precipitation before and
after correction, Figure 15 compares the CFSv2 model results with the AnEn-corrected
model results and selects two different forecast lead times of 1 and 40 days, ultimately
quantifying the results using a Taylor diagram [50]. Overall, the results indicate that the
corrected model forecasts are significantly better than those of the original CFSv2 model,
with both lead times showing an increase of more than 0.1 in spatial correlation coefficients,
and a significant reduction in root-mean-square error, with a decrease of up to 6 mm. The
corrected standard deviation closely resembled the standard deviation of the observed
data. The correction results show some differences when both forecast lead times are
considered. The correction result for a 1-day lead time was significantly better than that
for a 40-day lead time, with the standard deviation of the 1-day lead-time correction result
being nearly identical to the observed value, a spatial correlation coefficient increase of
approximately 0.1, and a root-mean-square error reduction of approximately 0.6. Based
on the three evaluation metrics, it can be concluded that the correction effect gradually
worsens as the forecast lead time increases.

+ CFsv2-1d
@ AnEn-1d

X CFSv2-40d
B AnEn-40d

Standard Deviation

Observation

Figure 15. Taylor diagram comparing the CFSv2 model forecast results with the AnEn-corrected
model results, considering forecast lead times of 1 day (black crosses for uncorrected, black circles for
corrected) and 40 days (black X for uncorrected, black squares for corrected).
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6. Discussion and Considerations

This study utilized daily CFSv2 surface precipitation forecasts for 44 days ahead from
2017 to 2020 and employed the AnEn algorithm to construct a precipitation prediction
experiment for 0—44 days forecasts, comparing the corrected model results with observed
data. Daily precipitation observations from 156 meteorological stations in Sichuan Province
from 2017 to 2020 were used to statistically analyze the spatiotemporal distribution charac-
teristics of precipitation in different seasons. The following conclusions were drawn:

1. Interms of spatial distribution, the amount of precipitation and rainy days in Sichuan
Province generally decreased from east to west. Mountainous regions received higher
annual precipitation with a more uniform distribution, whereas hilly and basin re-
gions had an uneven precipitation distribution. In contrast, the plains and basins
experienced a more consistent distribution of precipitation with an increased number
of rainy days. As for the temporal distribution, autumn recorded the highest number
of rainy days, while summer showed the maximum precipitation with continuous
autumn rain and short-duration heavy rain.

2. The AnEn algorithm improved the accuracy of extended-range precipitation forecasts
for different seasons in Sichuan Province, significantly reducing the RMSE of the
CFSv2 forecast results. Correction of the model forecast results significantly improved
the precipitation forecasting in the region.

3. Toinvestigate the causes of varying correction effects in different seasons, we con-
ducted a stratified study on precipitation. We found that the primary reason lay in
the differing performances of the CFS model and AnEn correction method in relation
to precipitation events at various levels. Notably, the CFS model and AnEn correction
method exhibited the poorest performance in the context of heavy rainfall events.

4. The effectiveness of the AnEn method in improving the model forecasting ability
varies depending on the initial and forecast lead times in different seasons. Generally,
the correction effect was more pronounced in spring and summer than in autumn
and winter. Furthermore, short-term forecast lead times exhibited better correction
effects than long-term forecast lead times. However, individual stations may exhibit
suboptimal correction results.

The applicability of this study is limited because it focused only on the Sichuan
Basin. Additionally, some stations may continue to demonstrate considerable errors in
the corrected forecasts. Future research should consider expanding the study area and
applying and validating the AnEn method in other regions. Furthermore, exploring the
combination of other methods to improve precipitation forecasting accuracy in complex
terrains could be beneficial.
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