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Abstract: Severe precipitation is one of the most widespread hazardous weather, affecting the
socioeconomic stability and people's livelihoods in China. Accurately forecasting such ewvents
poses significant scientific challenges. The multi-scale nonlinear characteristics’of moist physical
processes make numerical weather prediction and objective corrections for precipitation become
considerably more difficult than for other meteorological variables, like wind and temperature.
Utilizing station observations and numerical model predictions, thispaper explores the application
effect of machine learning algorithm (LightGBM) in correcting 3/h-accumulated precipitation
forecasts for the Beijing-Tianjin-Hebei region through strategies, such as constructing and
sampling precipitation datasets, inputting relevant physical features, and training on residuals. The
results demonstrate that, to address the long=tailed distribution challenge of precipitation samples,
when constructing the dataset it is crucial to comprehensively consider maintaining the true
distribution of precipitation while moderately increasing the proportion of samples with stronger
precipitation intensities. This is a’key“step in enhancing the correction effectiveness of heavy
precipitation. Statistical tests on the independent test set show that the LightGBM correction
scheme achieves significanimprovements in skill scores for precipitation ranging from 0.1 to 20
mm compared to the raw”model forecasts,/and the increase rate ascends upward as the threshold
rises. Statistical tésts”and Jindividual, case evaluations of precipitation by type show that the
LightGBM carrection” seheme presents comprehensive adjustments in rainfall intensity and fall
area in different types of precipitation forecasts. Among them, the number of forced precipitation
samples by severe weather systems is relatively superior, and the correction effects on each
precipitation threShold.are more remarkable. Additionally, the evaluation of classified heavy
precipitation indicates that it is more challenging to achieve improvements in the correction of
convective heavy precipitation forced by weak weather systems, in particular in the cases with

precipitation 215mm. The adjustment of the fall area of precipitation is also very challenging.

This suggests that the unbalanced distribution of precipitation samples remains a challenge for
machine learning correction. However, machine learning has shown particular promise for
correcting larger magnitudes of heavy precipitation events with lower forecast accuracy from the
model, that is, the lower the model's forecast ability, the greater the room and extent for the
correction improvement of machine learning. The analysis of feature importance shows that the
input of physical features such as dynamics, thermodynamics and water vapor, which are closely
related to precipitation, has a positive contribution to enhancing the correction score of

2



LightGBM.

Key words: Beijing-Tianjin-Hebei region, precipitation forecast correction, machine learning,
sample construction, classified precipitation
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Table 1 Features from ECMWF and CMA-9km fed to LightGBM.
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Table 2 Parameter search space and optimal parameters of LightGBM
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Table 3 The number of two types of precipitation samples in the training set and test set

FEA R FEAH WISREH R IR AR
SAFEAR 135440 118856 16584
SSF 2K 120209 105781 14428
WSF 2884 f K 15231 13075 2156
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BOR, AL LighteBM 1T IE7E & S MK Tk TS PP Rn B BURBU4eT, 5E 5a
S5 TS WAHRTFRIE 2~5 mm PE/KE/N, (H=10 mm FBoKIETH R B E 0. X —
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Fig. 7 LightGBM, ECMWF and CMA-SH9 TS scores (colored column) and growth percentages (yellow line) of
different levels of precipitation on (a)SSF and (b)WSF precipitation
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Fig. 8 Distribution of total accumulated precipitation (unit: mm) of test set from 21.JGly te 1 September 2019

(a) observation, (b) LightGBM correction, (c) CMA-SH9 forecasty,» (d) ECMWE forecast.
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Fig. 9 Spatial distribution of 3 h precipitation forecasts (unit: mm) from 14:00 BT to 17:00 BT 29 July 2019

(a) observation, (b) LightGBM correction, (c) CMA-SH9 forecast, (d) ECMWF forecast
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Fig. 10 Spatial distribution of 3 h precipitation forecasts (unit: mm) from 20:00 BT to 23:00 BT 9 August 2019

(a) observation, (b) LightGBM correction, (c) CMA-SH9 forecast, (d) ECMWF forecast

18



3.4 MIANFHEEZE M D4

RS BT A B KA D) BARFAERT LightGBM 1T IEBUR I TTHRFE , AR 2 v i) DY 286
NFHE LR, RIS f e S . w5 F S AL, xS LightGBM 1T IERUR
IS

test set test set
1.2 3
1 25
0.8 2
[%2] %]
Fos6 <15
[a1]
0.4 1
|| ||| N7 ||| || || ||| I|| II
. {1 T T . I
0.1 2 5 10 15 20 0.1 2 5 10 15 20
Precipitation(mm) Precipitation(mm)
BECMWF m®mCMA-SH9 mLightGBM/w = LightGBM/wo BECMWF ®CMA-SH9 = LightGBM/w LightGBM/wo

& 11 R (LightGBM/w)Fll 2 B (Light GBM/wo) PY % NAFAE HI 57K LightGBM W1E. ECMWF Fitdfk .
CMA-SHO Tk L4 (a) TS #1 (b) Bias v}
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