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Abstract

Aiming at the missed-alarm risk of numerical weather prediction (NWP) models in short-term local
extreme precipitation forecasting and the difficulty of fixed-threshold methods in characterizing non-
linear coupling among multiple meteorological factors, this paper proposes an extreme precipitation
event risk assessment model integrating multi-scale features with Feature-Tokenizer Transformer
(FT-Transformer). The model automatically captures high-order interactions among precipitation in-
tensity, accumulation, and background fields (temperature, humidity, pressure) through feature to-
kenization and self-attention mechanism. A multi-task learning framework combining classification
and hazard index regression is constructed, where the regression task serves as regularization to al-
leviate overfitting caused by extreme sample scarcity, and Isotonic Regression is employed to cali-
brate output probabilities. Experiments on 25,465 precipitation events from Zhengzhou area during
2015~2021 demonstrate that the model achieves F1 = 0.9573, AUC = 0.9998, and high-risk recall of
98.25% on the 2021 test set (3,808 events including the “July 20th” extreme rainstorm), significantly
outperforming Random Forest (F1 = 0.9148) and Logistic Regression (F1 = 0.9422). Probability cali-
bration reduces the mean absolute error by approximately 35%. Retrospective analysis of the “July
20th” extreme rainstorm shows that the model accurately identifies this extreme event and provides
reasonable risk scores, validating the effectiveness of the proposed method.
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Table 1. Input feature list
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Figure 1. FT Transformer multi task architecture
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TR HRIE TR oAk 8% . 2 Transformer ZRAYS 281 2 A 554 LA B0 1) BN bRERFIE L A %0
SEETG, PHEAR[CLSAE T M A gmiLes, #iH4: LayerNorm Ji 0 HliEAN S5 EITL. BAESH:
WICYEE d =64, WFRESIKEh=4, FFN REZE4E A 128,

2.5. FHERTTLSEHRA
WA AN ¥, 5] — AT YNGR R R B8 (b, ) Wy d 437

t,=b+xE, t eR". N
1 k AN T 5 ATIZR[CLS IR T 1, PFHZ 5 2 R A R
T =t ] e R )

55 ¥ Transformer AN[F], F#A& 5o B did: BRI ML 0 2k )= e SR R 4R, A
[ (1) Z BRI RT [X 73 AN [ 0 SIRAHRFAE o
Transformer 2 #%: WEmIGSRIES, BEEE ZLHFEREI(MHA) S FTH M4 (FFN), $5RKH% %
5 LayerNorm:
MHA (T) = Concat (head, -, head, ) W°

.
head,, = Softmax (%J V.

Jd, 5)
0,=TW?, K, =TWK, v. =Tw),
FFN(Z) = ¢(le +b1)W2 +b,,
Hrd, =d/h, ¢NGELU¥i%. SZ5HHN
Z' =LayerNorm (T + MHA(T)), ©

Z =LayerNorm(Z'+FFN(Z')).

WALz, ([CLSUNMENAJRERRNES k.
LA Sk DI SRS N Z RN, FRBZYERE d/2 =32, WG EECN ReLU, FjR)Z
J&# Dropout (p =0.1):
p=0(ReLU(z, W, +b, )W, +b,,),

cls"" cl

. (7)
h=0(ReLU(z,,W,, +b,, )W,, +b,,).
Hrfr o 2 Sigmoid BR¥, ORI HEAE0,1], [H T 516 FH 8 HZ X 5
AR 25 A A BRI -
:/ = i/cls +/1 :/reg’ (8)
Horb 2 FHIB AT, IRUFAE EMBERES 1=5.
R A AR FEA, SR FocalLoss:
Yy =—a(1-p) yylogp—(1—a) p” (1-y,, )log(1- p), O]

s e s ight . N,
oy =2 W B 2BFEAR, o HSENINR B IE N azw, o pos weight =—"%, 5
1+ pos_weight N
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HEFRI, Se XS N H R G B bR AL, 2384 764k 5 Transformer i E4H p,h, TZ
REMERIE A Dby o WSUTTHEET p BEE BB, IR A, BT RUSHE RS 5 %0 Ui

cal
2.6. T IEHR
s TR REAR BT 0.68%~4.49%, S FF AR HEARIEAT 42 2 A
o F14% Fioo. lrecisionxRecall Ty i 1 W Rl R T B T P RS

Precision + Recall
e AUC: ROC HZ TFHM, B RAAHFRE ), A S BIE R .
o REHER: EHEMBIH 2075 FEMNARRE, HTIFHZ2RE.
e MAE 5 Pearson R RE: &R S5 405 22 FIAH G, 2200 RIS 21 B8 1) o 55 155 B 1
PE.

3. &8

FATNE LIS XTLE 1 Fh -5 U R RASHE RSR B i R R i 3¢ 7K S £ [ 2 3 DU A5 T e
I, REPFES RFEAE .

3.1. FT-Transformer 25

F2 T 2021 AR RIPEREXT EE . A FT-Transformer 7€ F1=0.9573. AUC =0.9998. % [f]
R =0.9825 LIS RM. M2 T, @ EIH 8RS T EIRE AUC=0.9993, {HEk= &
LHEM, F1AMK 1.5 ANE 20 BENUARMLERE 2 L0E5(0.9932), HlI FREARELS “BA1L” 2o
24 SR 0] 822 T F#(0.8480). £ 2 EAINL(MIZ MLP)RILIZE(F1 = 0.5126), JRKLET: HALMK &
SERFE M AR, M DAE SRR B AE B S A AR KRR IO 5 5 i ) i 0 AR 2ot e B, HLZE AR 0 28
Py 258 5 i A /D BB s . FT-Transformer i it 1] otk 5 H i 2/ B0 SIRHERI C R, feigd <5
DIBsRfE” “HKPJimf BE 5 prRIE B/ AR AR E T S ST A KR, TP Bz ik
R 5

Table 2. Performance comparison of test sets in 2021

3 2.2021 MR EMREXTEE

Ay F1 AUC i A el 2
FT-Transformer (430) 0.9573 0.9998 0.9333 0.9825
bz AEIE| 0.9422 0.9993 0.9314 0.9532
FEHLARAR 0.9148 0.9970 0.9932 0.8480

B AR T L SHEm 0.8774 0.8216 0.9784 0.7953

Z R IR AL 0.5126 0.8916 0.9104 0.3567

MEEARZIE, WREILE 171 MRS, A SRR IR 168 4, fURHK 3 MAGHA: &
12 AMEEEE PR P2 XS B, kg5 bl RE RIS 228k E, HIER SN S B R
B R 22 5 1) T BORUE, MEAERAE N S HES ; 1X %5 Gorishniy 55[13]7E18 FH & A& HEHE
%23 “Transformer AR ” 2518 —3, K Attention HLHI7E S FRIEFFEIZHE F [FAEA 2. 1542
RS FORIEHFE, A A B (TP = 168), IEHfiZE 98.2%, R HIEPERIE, i BE
ARAIH] o
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Confusion Matrix for Extreme Event Classification
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Figure 2. Test set confusion matrix

2. MR ERIBRERM
3.2. jHRASBURE
3 JRoR T 2ARS . A =M E . A R A ZI B2 EAR SR 22(0.3604), X [7]
JARERLLE S 28 LIS (FT = 0.3184) . ZARFIHIEILZ AT A, 1 FAES5 2 T IR Sk RO ISR I
BERTHREME S ZAFL 3271 2~6 N E > A, HRAREERTTE 0.9855). X4 RUHfEE LA
B, R BRAE A

Table 3. Ablation experiment: comparison of single task and multi task

3. HMXN: BESSZESIL

E5% KA Fl AUC HHR R MAE
ZHEFE) 0.9573 0.9998 0.9855 0.0117
(YEEN 0.9366 0.9996 0.3604 0.4501
(EIVE 0.3184 0.8530 0.9834 0.0119

S URPET T, [BABURBE A 1R 5~7 XIAPEREAR/NT 0.4 D0 mi(mEI A =5); IZREE R
M 60 F 80 MG AT TMIET 0.2 NE i, RIIBARDSBE 5 IRA UK, BFEME R

33, BEERESREZIE

RERHERBME AUC . HfH R M T HIE. Isotonic [HH/E, K MAE M 0.0250 [#%
0.0162 (F£1&%) 35%), Pearson <M 0.9515 F+ 2 0.9716; fEFfETH(H >0.75) MAE M 0.2015 [&%
0.1193. RAEAIRTF ZIEERE B, W AE S 75 2 A A8 5 mT e o, K ME AN 0.5 %] 0.45, W]
TE REE /NG IG N [R]FAb ] 2 AN SRR, b 5500 mT 42 KU i 4 R 35 1715 . Isotonic [A1H 5 KU Z1 5 A
SERMERE — 3, AR MAE FIEZ) 35% (K 3).
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Reliability Diagram (Calibration Curve)
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Figure 3. Calibration model effect
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Figure 4. Case identification and risk scale assessment of “July 20” extremely heavy rainstorm in
Zhengzhou
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