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Abstract

Based on hourly atmospheric physical characteristic variables from ERAS5 reanalysis data from May
to September 2016 to 2024, the target variable was the terminal area coverage rate with a combined
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reflectance greater than 35 dBZ. Six machine learning models were used: Random Forest, ExtraTrees,
Gradient Boosting Decision Tree (GBDT), XGBoost, CatBoost, and LightGBM. Pearson correlation anal-
ysis was employed for feature screening, MinMax normalization for data preprocessing, and 3-fold
cross-validation for model generalization assessment. The SHAP (SHapley Additive exPlanations)
method was introduced for global and local interpretability analysis of the optimal model. The main
conclusions are as follows: The ExtraTrees model achieved the best prediction performance with a
test R2 of 0.1761, MAE of 0.0242, RMSE of 0.0627, and cross-validation R2 of 0.1837. SHAP feature
importance analysis identified precipitable water (pw), total precipitation (tp), and 850 hPa dew-
point temperature (td_850) as the three most important predictors of cloud cover rate, with the
learned feature impact patterns being highly consistent with meteorological physical mechanisms.
Learning curve analysis indicates that the model has not yet reached a performance plateau, sug-
gesting that increasing training data volume could further improve prediction accuracy.
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1. 518

SESAT IR SN L A I8 5 1) 2 A FNRCR A EE R, LSS AT R, s E GG R % 35dBZ fE N —
ANSREEBIAE, 47E 40 X B35 0 N H I — 8 7 5 2R KT 35 dBZ SR, AiAE 4§ B0 A
W WEsaRsek, ARG, REHET EMNE SRR, =B 500 I 3 EARR T AUE R
ARG S IR R BT U R TR AR O = o B R I S E AR RN e v, B
SEHIAA AU, R = B AR R, KR ANE O B E B K M ZE (1] Giih 7 ik 2 ot [l A fl
H AR 3 P8 AR T S A, (EME DU R SR & 2 (8] R AR 2R 1 5 R AN 3 EL AR

ARk, FRRE: ) U5 R L RE A BRI i 4 AR R M OC RIS T B JE . BELAR MKk (Random Forest)
I Bagging SR FIE MR IE T 25 (R BEAL £ 22 AR VLSRR, A ALK T 1584 J7 22 2]« b6 32 THHL(Gradient
Boosting Machine)id i 15 X35 5k 22 7] LA BOZ AD $E T+ P kg B3] 7EULEEAl -, Chen FI Guestrin [4]7F
K] XGBoost HEZE 5| N IE AL AN FRAE NS, 75 2 DR 1248 56 38 h R I E . Ke S5[5]4& HH 1)
LightGBM >R 5T B 7 &l i YR S it B A LR ARFAE R SRR, RIREE T T 45442 . Prokhorenkova %5
[6]#2 Hi [f) CatBoost & i 7> #& 7t (Ordered Boosting) 5 A7 RUAL FERANRFAE, Wb T HEFE M 25 . Geurts %%
(7137 b 3 B WL (ExtraTrees) il 78 5 a5 20 4 i 51 N E st I BENLAL e ms , 3E— D PR 7 IR Jr % .

WA TE AR R IR LA S TR T T 7 KA TAE: #/KIZ5[8]% T XGBoost Hik i T
VG e b DX RN B K TIARASE AL, EAR T AR TAR G v TR SR o ZE e B S5 [O] R FH BE AT LAR AR 5 15 6F e 7 1l
(X A6 LB 30 AT TR A 9, IRARE 284 A 060 25 A b Al FE ARG B8 DL B8 PR ) R B RS e R 7. Bk A5 [10] 4%
LightGBM R FH T~ AR TR, R F 327t 7 TRAE . sk B ARAE 111K SHAP J5 2356t B /K TR AL 20 ik
177 ATRRRRAE 0T, R TR SR I B L o I T 9T 20 4 v T B — R S G T A TR S
B2 AN R B o ST RE SR 1) JR G LRI A B ) AR 23T o RS 0 P v 20 A o A e A 2 2 4
JEE R AURFAE 25 (R JEAT 0L 2 7 7 28 [l A Tl RO 78 i AN 78 43 o 26T IR TS 5¢, AWt 50 idid #4) 4 2016~2024
5~9 A& ZSIEEMATI. S IAUKIREAR =R 97 AN KA BAFIE S DA% 405 X KT 35 dBZ
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K 7 178 2 2 iy e A ) A TH] LA B AL AR bk (RandomForest) . Hifk B AL (ExtraTrees). B FE 32T ik 5
(GBDT). XGBoost. CatBoost Fl LightGBM %5 6 Fif{3 1t AL #% 25 SJ BB 7E X It 2 78 5 26 (A 5 Tl AT
FHITEREZE S FIN SHAP J7 0] £ Frill A5 Y v 2@ A AY 1 AT 4 Joy ARp AiF = B4 43 B R ) A A R,
a7 5 W0 X 25 78 5 6 ) SR B B DR S AR R At s WL s e i e I 2 = il 2 N 58 SRR R G PPl 5
Rz AL e I AR 75 SRR, D2 (0l 550 R FH i gt v S A 4

2. BiB5A*
2.1. BUESEFER

ARHE A B SRR T ERAS PR BERE, 17 2016~2024 4 5~9 H 1 24,706 2% & 73 HEE KR
FAHTIC SR, WEAIRE A 1 /N FEEkId s 97 MERFIEZ B A 1 AN KT 35 dBZ ISR B i R
H §57% # (cover_rate_35). FFAEAFETE T £ M<K )2 (925 hPa, 850 hPa, 700 hPa, 500 hPa, 200 hPa) [ # 1
PSR (RE . FE AR ). AR RN & v, R BUR) LR SR E(K R kx. XHAR
AR cape. FIFE/KE pw 25). HFRASE cover rate 35 $¥E 1970 A B % IE WA (IME 0.0183. bRz
0.0669. #x/IMH 0.0000. i ARAH 0.9757). X — i S Al 2 14 70 A1 ARFALE Xof [m] VS 78 F) 45 2K b Scade R0 F ) 44
REVPAlE tH T RFBRBRAR . A SR MinMax e RFAIEE AR R0, L]DXTA), DAY R 240 22 S %) B 9 i
BRI, B A% 8:2 LUBIBANLEI 23 I Z55E(80%, 19,764 4%) AR (20%, 4942 %), kot
FERFH 43 J2 S SR mss DLLRAIE H bR A8 B 20 A0 1) — Sk

WFFCE A 6 AR MENL A2 S Bl 9457 . RandomForest. ExtraTrees. GBDT. XGBoost. CatBoost Fl
LightGBM %5 6 Fi{{ 3P L 38 2 S B R HE47 % EL VRS, JFX} RandomForest. XGBoost. CatBoost Al
LightGBM DY/ ME TSR] Optuna HEZE4E 4 TPE (Tree-structured Parzen Estimator) D1 H- 3046 530 3E4T B 3
WS EORM, AR RBAILE 5 HTE0IE5E _E 7 R2 4345

2.2. SHAP T s o4

RN FR AR (K S, 51N SHAP (SHapley Additive exPlanations) /7 72X £8 Fir i A% 754 d 22 1 e
MR RSB AT O] fREE 20 1. SHAP JE T8 2518 v i) Shapley B FH 16, Bt E &4 B il AEF 4L &
ABRTTER IS, R FEAR IR NMRFAE T — A SHAP B, EA6 T iZ 4R B 2 4 H 1) 1F F 5
T3 AR /N [12].

3. B{RESH
3.1. $REMEEERTEE

%1 RN T 6 M AR ARLAEDRAR BT R L S DU A4 J5 1 25, ExtraTrees BEAYLE iy
B bR D3R I, W4 R? 4 0.1761, MAE A4 0.0242, RMSE A4 0.0627, 3¢ L I6iE R? 4 0.1837.
ZH AT XGBoost 11 RandomForest 437l 251 58 —F15E =, It 4E R2 73 724 0.1455 #10.1573. 1
R E )L, CatBoost 1 LightGBM fE Ay FESRFHAE AL IR A, [EIFE RE IR H AR 72 4+ 7, k4R R?
53179 0.1694 F10.1668, #f—LIHIE | AR 2] JTVELE =78 o Z TR 2% rh i A Rtk

AT LA FERE 44T (1] 1), ExtraTrees HIIZ4E R? (0.3920) 5 ik 4E R? (0.1761)Z Rk, FEAMA
TENZBHE PAFE—E M A IG . SR, 7375 T FB0H 0 B AL AL (FE R AR 45 0 2 ) 0 7
AN FER 5| BEHLE), ExtraTrees #9226k R? (0.1837) 15 A Fr A 1AL i), R FILZ AL RE ST A
XficfE. MHELZ N, GBDT BB EARUIZAE R? A E] 0.3003, HMKLE R2U N 0.1243, iz LIkRE N i
DN, U BH A 2278 55 AR I R 1 B A A 2 AT ) H AR AR B B2 S i A
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Table 1. Performance comparison and optimal hyperparameters of six regression models
7= 1. 6 FhEYIREL M RERT L B S

Model RZ train  R2 test MAE_test RMSE_test R2 CV BAEHESH

ExtraTrees 0.3920 0.1761 0.0242 0.0627 0.1837 n_estimators = 300, max_depth = 25
CatBoost 0.3210 0.1694 0.0243 0.0630 0.1594 iterations = 500, depth = 8
LightGBM 0.3299 0.1668 0.0239 0.0631 0.1671 n_estimators = 400, num_leaves = 31
RandomForest  0.2532 0.1573 0.0242 0.0634 0.1573 n_estimators = 250, max_depth = 20
XGBoost 0.1963 0.1455 0.0244 0.0639 0.1402 n_estimators = 350, max_depth = 6
GBDT 0.3003 0.1243 0.0248 0.0646 0.1200 n_estimators = 200, max_depth =5

R2 MAE (Test) RMSE (Test)

3 Train 0.025

0.020

0.015
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Figure 1. Comparison of training R?, test MAE and RMSE among six models
1. 6 FRE)IZE R?. MiXEE MAE 1 RMSE Xjtt

3.2. FAESRESH

Bl 2 JEoR T S B FIUINME S A B O A0 A (7 11 BRARZR AN 9590 (5 X IAT) . MU B mT AR 52
B, PrAMERTEAR = 55 2 X R (0~0.1) M TN B A, IR T I ZREE PR = s AR A o5 3 S A (1)
BRI ATRHAE « 7E R di R X [8](>0.3), SR % 22 W & 4K, JUHJ2 ExtraTrees F1 XGBoost %
DU — B PR I R G MEARAS ), ROASE BT i) T TR 1 2= 7 5 20 M8, M DATE Bl e A e = o
F.

3 Rk ZE S T B (B LOWESS i3 4R), feR | SRk 72 5 TME 2 B o8 R . JRZE A &
IR 00 S 07 ZE M E—— AR PONME X Al B Z2 B B, B RO 38 Xk 72 BSOS gy
PIRRINTE 73 Ao X — BRI, 2278 7 2 T A o 32 I 2 1 v 2 3 1K, SRS ) AN PR AE 1 o
AT 208 BT

3.3. XXEFREM ST

4 1) 3 H152 RAIE MAE AL IR 7R 1 A8 2 A P RE A€ 1 22 57 - ExtraTrees 42 XKHIE MAE
T B IR B A iR oy 5K 22, R TS B2 vy Hpesh /b, 2 AR e M. LightGBM A1 CatBoost f
XU IER DA REEONRRE, ks B, Biahfi it . M2, GBDT KIS XHHEF iR
%8, HAFEYI R KB, RV VERAE R E, XNZRER AR 207 NBO UK. X — 45 R
D EMIE TR £ rh AR S 2% HE A SR UE P RE T AF A SGVE B R 5 - Ikl 3 (R A
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Figure 2. Scatter plots of predicted vs. observed cloud cover rate for six models
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Figure 3. Residuals vs. predicted values with LOWESS smoothing for six models
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Figure 4. Boxplot of 3-fold CV MAE for six models
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Figure 5. Top 20 feature importance ranking based on random forest
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ZER P BEEAL[13]: (2) KRAAFE RS K 18U ARIE R SIAFE FE SR G 48R, s 2 St
TR RERN =R B RER: (3) #h/1akia ML 200 hPa HFE St 1 2 R ks oo 3 BB FHZ 3]
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1E SHAP {f, HEZh FUMME T 55, 1X 5 7KK 0 A8 A 25 T b LA A (1 A0 B B 58 4 — B0 B /KU 1 (tp) A1 850
hPa & ni I FE (td_850) K BEF /G, 70 il s il 1 7KV Bk 5 i th AR 2 AR L RT BE X 2278 7 I L B . (L7
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Figure 6. SHAP beeswarm plot showing global feature impact direction and magnitude
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Figure 7. SHAP importance comparison between training and test sets
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KIFFERGVIAG T 6 FRALES 2 IR BITE TR 2 78 26 2 [ A TN 45 R i e, JFid It SHAP 75k
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(1) 6 FhiBZY Hh, ExtraTrees FRILFE BT MBI i R I A A (M4 R? = 0.1761, MAE = 0.0242, RMSE
= 0.0627), XGBoost 1 CatBoost ‘& H: 5. ExtraTrees B (1) 3¢ 2 AT U9 BT Hogh 4 ity XS BE M LAL ALK,
FEARFAIE 16 B0 R (B 338 P A 2 T R I SINBE AL, A8 8] 1 07 22, s L AE TR s FEAR S 23 A 1) H ARl
g N R e

(2) SHAP s #ridt— D4R, B %2 =) BIFRHIE s I 0 S SR =W AL = B — B KV R (pw,
q_925,q_850). #/12k{}(td_850, d2m)F13) 7145 1F-(qomega_500, div_u200)#4 p& T T (1A% 0 Rl TR R, X
BEREAE 73 KT 25 T R = R B A 70 R HI/KIR . ARRE B 5 A6 T R ML o 300E T HL2s 5 1
VRAE KSR B o B P B A

(3) oIl 2o MR BB i R IR B BT S A, I RN ZR B RSN 5] N B 32125 (B AR i A 8 g —
R TIRG R . H AR AR B 1 B A A o AN AR v [l VA 7 VR T PR, TR R R T 1) AN P18 2 AT HHis 1)
LI AR
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