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Result: ML & Ding2014 Comparison
Optimal INPUT parameter combinations used by each ML method
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Introduction

e Precipitation phase plays a crucial role 1n surface
energy balance and hydrological processes.

o7 o Method Optimal input parameter combinations
e Existing §mp1rlc.a.1 method based on surface SVM jon, lat p. RH wind amount T, T,
mete.orologlc.:a.l cqndltlons often st.ruggle. to accurately RF Jon, lat p. RH amount T, T,
classify precipitation near the freezing point. CatBoost Jon, lat p, RH. amount T, T,
100- CNN lon, lat T, p,, wind, RH, amount T,
MLP lon, lat, T, p, wind, RH, amount, T,
90-

Phase recognition ACCURACY of ML and Ding2014 for test set
< o Method Overall A accuracy B accuracy C accuracy D accuracy
I,;" 70. Ding2014  83.7% 78.6% 36.0% 34. 7% 33.8%

- Convention Methods SVM  854%  81.8%  872%  859%  85.3%
& O T Accuracy dropsjnear 1° C; RF 86.0%  842%  873%  859%  853%
50| —— Dai2008 reline phase ciscrimination CatBoost 86.7%  87.0%  87.6%  857%  85.4%

e Tth method from-7 Ctol10 C.
Coltus| CNN 37.6% 91.1% 37.3% 35.8% 85.4%

40 onfusing Range
——————— Freezing Point | MLP 88.1% 91.4% 88.3% 86.3% 85.3%
-10.0 -75 -50 -25 00 25 50 75 100

A: Tibetan Plateau; B: South; C:Northwest; D: Northeast & North

~ MLP method achieved an overall test set accuracy
of 88.1%, improving by 4.4% over Ding2014.

~ In Tibetan Plateau, the accuracy reached 91.4%, an
increasement of 12.8% compared to Ding2014.

Classification Accuracy by Temperature range

(a) Overall Phase Accuracy

Temperature (%)

static_thre: fixed threshold = 0.6°C . Ding2014: from Ding et al., 2014.
Dai2008: from Dai, 2008. Trh_method: from Harder & Pomeroy, 2013.
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e This study proposes a machine learning—based
approach for precipitation phase discrimination within
the ambiguous temperature range of =7° C to 10° C.

(b) Rain Accuracy
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Data & Method
£ 80 S 60-
- N 1. Select data with correct quality control flags of Ta, > >
. O ‘ o
Daily Surface Climate RH, wind, prs, prec 3 " i | S 40 =S ae
- : < <
Variables of China 2. Remove data from abnormal year, abnormal o — Catfopst - Cattepst
- - stations and abnormal data == 201 iy
ﬁ Abnormal Standal‘d: 501 Confusing Range Confusing Range
. Oy o . T Freezing Point 0f o £ e Freezing Point
Ta(ram) <’ Ta(snow) > 8 C’o -75 =50 =25 0.0 2.5 5.0 7.5  10.0 -75 -5.0 -25 0.0 2.5 5.0 7.5  10.0
4 T, (sleet) <-1.6 C OR T (sleet) > 9.6 C Temperature (°C) Temperature (°C)
- i . . . . (c) Sleet Accuracy (d) Snow Accuracy
&Pre P lr.oceéssmg l Considering sub-freezing rainfall events 70, | e L0o. | Sy
ualit ontro . . . 3 a
Quality ') ™~ 3. Choose data records with Ta ranges from -7 ° C to 10 ° C o T ootmobe b
. . . . . . \ —— RF 80+ == RF
Divided into 4 regions based on input: longitude, latitude, altitude; wind, Ta, Relative 0. \ o i TN
elevation, January T, annual prec humidty, pressure; precipitation amount; Tw, Td. =< Confusing Range | & | Confusing Range
. 40" Freezing Point - | | | & | Freezing Point
Wet-Bulb Temperature  Dew Point Temperature ° | s
50 (T,) (T,) o 301 | O 40
w . d L 2 i 2
The lowest temperature air can The temperature at which air . = <
40 reach through evaporation, becomes saturated and water , " 501
> reflecting temperature and humidity.  vapor begins to condense. 10- /
3 30
5  Five machine learning methods are explored: ) IRAARE RAARS Ry | | ARAaS J gl | | ? | | Shaas
- : . —-7.5 =5.0 -2.5 0.0 2.9 . 5.0 7.5 10.0 — -5.0 — i) 0.0 2D . 5.0 4 10.0
SVM (Support Vector Machines) 5 RF (Random Forest) ; Temperature (°C) Temperature (°C)
o © A CatBoost (a gradient boosting algorithm) ; < MLP performed well in rainfall (especially frezzing rain) and
2 MLP (Multilayer Perceptron) ; CNN(Convolutional Neural
8
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In each region, 15% of stations are randomly used as test set
(a) Ding2014 for Total (b) MLP for Total

showed high sensitivity to sleet despite limited sample size.

Network)

(c) diff error for Total

Station error map of MLP and Ding2014, and their difference

=~ Accuracy varies with the phase sample distribution and shows a pronounced
north—south contrast, reflecting ability to learn region-specific characteristics.
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~ The improvement is mainly concentrated in the eastern Tibetan Plateau and
several provinces in southern China, where rainfall and sleet occur frequently.
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SHAP analysis: Importance of Input Features in Rain, Sleet, and Snow

£ N ' =N amount- Classification Probabilities
3 i v T

T 169 oS S T windfl = — — = = = — — — = — — < T, incorporates information on

e oing2014 or it (ML orSee 0 i erorfor it g’ T temperature, humidity and pressure, has the
w e i o, : & greatest impact on MLP model’s performance.
f v i’ v i’ I:t ain | Precipitation amount also significantly

S jon- sow | affects the probability of sleet classification.
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(j) Ding2014 for Snow
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(k) MLP for Snow
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Feature Importance
(I) diff error for Snow

MLP is OK for phase discrimination AND

<~ Future work may focus on identitying the hidden physical factors
underlying the effectiveness of geographic coordinates, and better handle

sleet with limited and ambiguous samples.
This work was conducted as part of the Dragon 6 cooperation programme between the European Space Agency (ESA) and the Ministry of Science and Technology (MOST) of China. The authors acknowledge the support and coordination provided by the Dragon Programme Office.
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