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B2 . AEASEREER IS XA RN S R, 1R T R 2 AN IR RHE R IRE)
FIBL AR SIS AR BT . 1278 e TR E 2003—2023 ERIRG M EBHELIE, HHEIFd T
RERTEIEFERAARE, O 024 M B RE. 1174 M4 B3F 3DVS ML 48X 5K 5658 MLEE
3DVS WG N, SRJEFIF XGBoost XIFAE & 4T EZEHE T, 456 F M A TmBaT 14 MRHER(E
FEIIRIAN . R TFM gt ds, JERAH CNN s m E 4E SERIE R MY o In A 2 2R, 14
BT A IR TEFM+CNN PREE SRS, A FZAR RN EAT 3 A 22 8 IRANREe, 2l a . .
3% 3DVS KL B NE, A, A% 3DVS ML RGRRELE . THEKEXS L T XGBoost FA T
o S5REW: TFM+CNN BERIZE = A 40 SR80 1t CSI 407008 84%. 71%. 73%, POD 4374 94%.
83%. 83%, FAR 73514 11%. 16%. 14%; 1 XGBoost 7L, TFM+CNN BRI 1 76356 1 Aik56 3
) FAR 15 5%LASk, HEfabrigth —5, WA RIEE RS 2 RMEZE, KA REMH S 3DVS I
Te oA Rk B HE X 4o IE 41, TEM+CNN BEAL7E ROC i) AUC 58K, R I HIZ {1 A8 ) 58 5% . 0] WL, TFM+CNN
TS 5 (1 8 2 R
XBEi8): BRG], TFM, CNN, XGBoost, R AHHIES &
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The TFM+CNN Based Tornado Identification Algorithm Driven by

Radar Feature Parameters of Storms

LENG Liang  XIAO Yanjiao WANG Jue  WANG Zhibin

1 Heavy Rainfall Research Center of China,Wuhan 430205
2 CMA Basin Heavy Rainfall Key Laboratory,Wuhan 430205
3 Hubei Key Laboratory for Heavy Rain Monitoring and Warning Research,Wuhan 430205

4 Institute of Heavy Rain,C M A, Wuhan 430205

T AL BRI S (2022CFD012) | HES SRR E SAIFTHIBA (CMA2022ZD07) . Wik B i kit
XIOiH (2023BCB119) 4= EZMM LIRS (BYKJ2024204) F:[F ZTHY

E—EHE: Bon, FENFEEARA TR BRI A, Enail: lengliang@whihr. com. cn

BAEEE: iR, EENFHERRUCHE SR HEARBIF. Enail: yanjiao. xiao@163. com


mailto:yanjiao.xiao@163.com

34
35

36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

59

60
61

62
63
64
65
66
67
68
69
70
71
72

Abstract: Abstract: In response to the issue of insufficient accuracy in identifying tornadoes
using conventional parameter threshold methods, in this study we propose a machine

learning-based tornado identification method driven by multiple radar-derived storm features.
With this method we first calculate and construct a storm feature dataset based on radar base data
from tornado cases during 2003-2023 in China. The dataset contains 924 tornadic storms, 1,174
non-tornadic storms with significant three-dimensional vortex signature (3DVS), and 5,658
non-tornadic storms without significant 3DVS. Then, feature importance ranking is performed
with the XGBoost hyper-parameter. Combined with principal component analysis (PCA), the top
14 features are selected as model inputs. We construct a TFM+CNN deep learning model for
tornado identification by employing a TFM-based encoder, using CNN to increase the input
vector dimensionality, and adding multiple fully connected layers at the end of the model.
Moreover, with this model, we conduct three binary classification experiments, i.e., tornado
storms vs. non-tornadic storms without significant 3DVS, tornado storms vs. non-tornadic storms
with significant 3DVS, and tornado storms vs. non-tornadic storms. Comparative experiments of
the TFM+CNN model with the XGBoost model are also performed. The results show that the
TFM+CNN model achieves CSI values of 84%, 71% and 73%, POD values of 94%, 83% and
83%, and FAR values of 11%, 16% and 14% in the three binary classification experiments,
respectively. Compared to the XGBoost model, the TFM+CNN model performs better in most
metrics, except for a 5% higher FAR in experiments 1 and 3. The two models both perform worst
in experiment 2, indicating that it is most challenging to distinguish the tornadic storms and the
non-tornadic storms with significant 3DVS. Furthermore, the TFM+CNN model has a larger AUC
under ROC, demonstrating its stronger generalization ability. Therefore, the TFM+CNN model is
superior in identifying tornadoes.

Key words: tornado identification, TFM+CNN, XGBoost, radar-derived storm feature parameter

T M\ TE B 2 TR A 2 S 3 T PRI R (R B I, 38 R AR FE AR B IR ok
BN, R JIR /N REE OLAKBDLE KD RE RS, s pE XUXUE A 125~
150 ms™ CHROESE, 2021) , # AR A AU =i i KB4, 4 2016 4F 6 A 23 H#h
W EFA e i R 99 NFET: 846 N3Z45 (K/NFA%E, 2016; HizkOG5E, 2016) ; 2021 4F
5 A 14 HE %4 EF3 & 10 AFET: 230 N2 (2%, 2022; T 2155, 2023),
A R A [ RIS A oAl TR RS Bl 2 B, %
MR SR T KR A o AR AS [F) PR T AL, W AR e (WFCE R
R MR AR RS (WHCAAEEZ A ) « RIEAFRRASIEN, Rk
I B AR A BRI A A A SRS T ZIEAY) 5 AR 2 75 B #viy Ui (i
RELE G FIR, A NG SRR G AAERGT SR EG OF K065, 2025a) .

FER MR L2 mE T E N E K, PR AL 1200 et (Taszarek et al,

2020) , W2 FIF A MM AN TROE S B FE 5. Je s M MUAN IR P AR EE i 22 0 R
2



73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99

100

101

102

103

104

105

106

FIRATFIEGRL, REPAE. BERIEFFE (Tornadic Vortex Signature, TVS) . &R
JEHFAE (Tormadic Debris Signature, TDS) J& 4 I 1) = ZAKHE, EREIH . 555 R
[X (Bounded Weak echo Region, BWER) . ZE/ T HRK T (Zpr) ¥+ Zpr IS ELZE 34
7 (Kpp) AFIES . RS K F1#% (Descending Reflectivity Core, DRC) ZR4SAE
#JE T AW AR BB IS K YE CR7KO64E, 2025b; ZEHAISE, 2024) o FET XX
SEREAE N, — e BT e A RO R RHAE B 3R A SRE BT R, b AU SR SR
(Mesocyclone Detection Algorithm, MDA) (Zrni¢etal, 1985; Stumpfetal, 1998) . TVS
PSR (Wieler, 1986) « JE &R M5 % (Tornado Detection Algorithm, TDA) (Wakimoto
and Wilson, 1989; Mitchell etal, 1998) 1 TDS HAI%E (Ryzhkovetal, 2005; Palmer et
al, 2011) %5, T UlE. TVS A1 TDA TR SAFREE T-4% (a] i B e 1R ) g el _E A
QI T7 AL 7 KT TRV B A = 4 [X 3, B — 2> I [ 5 AR )56 FH DA R A [ okt o A B A7 A
FRY M 7 - PIU R JEEAROR) 45 T B ) L, (6 459 52 % 22 AR ) e A IRV HON 32 B, e 5 TV A AR B
FR) R e 2 RSO 5%, 2020 , AnAR BB Z SR AR e 4 PRI AN A7 A8 . 35 1 = 4E i Jig A4k (3 Dimensional
Vortex Signature, 3DVS) 7 Zficldi, 1M3FE 104 2 545 RAF A2 2. 35 1) 3DVS T 4% R 4
Tet. N, FETZ2ZEN RGN R 0R AL T B RBOIE R T E LGS 7 1 T e
(Smith et al, 2015, 2020; Gibbs and Bowers, 2019; &K%, 2022; Sessa and Trapp,

2023) o HEAZREECERA T (20200 FESGHE 1 AURIR M EE SRR B, G T
2003—2018 4[5 33 MBI AR, VAGY T A AR 1 v AU T e B B K 7 i
RV SR, EREORLE R EE R 1B RAR RG R, T 2021 AEAE R
SWAN 3.0 it (87K 4%, 2025b) . Snyder and Ryzhkov (2015) & XUk R 55 14 WL i) jz
SPRR T\ Zors HHIR FREURNEE T42 o) JE 15 (10 07 A it [ D1 A S5 2 B A N ORI I 4R BN
WA T TDS L. BOMIE T 15 H BN T4 AT A IR I Ge vt 70 A4l Rt BOR)
R ASE LI REE RS, Eid & TG M . 48R, HfRZ@E kit

RIS 5, TANCA BRI, ARG G LG R IR 2 A8, HLds I TEE
B IX K E A AT ANREA B S R SR A TR 7 T SE HAR % . Wang and Yu (2015)
MR ZTCHIEN R GE, $&H —FhEE TR S0 0 2% (1) e B Al 5. ¥ a5 4% (2023) SE
LT T BENLARAR I AL TR A B KM 5% . Sandmel et al (2023) JET55 1A KR

PRI L S G 98 WU IR B USRI R0 s 2 S B s, EHIBENLARMER R e 1
Fr e R (Tornado Probability algorithm, TORP) . Xie et al (2024) {4 [ & iA#x
% 3 AN A ) S S 28 TR 7 A2 1) e P AN it , A T B M2 M 2% (Convolutional Neural
Networks, CNN) 5 Transformer (TFM)  $ARM &5 G R FE 5 2 AR MTI-Net
(Multi-Scale Task Interaction Networks for Multi-Task Learning) , CNN i F %% )73 & /1 #.oc
PSR AR, TRM R VE L ot 4 Ryde e, B e 6 R0 7 ot HEAR 22

THABSFIEI DR T IR RS SWAN 3.0 (FRERESE, 2025) .
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AR HET 2003—2023 FF A A1) B IA A B, 7RO R AN BRI 2 X e T
FIAFHER IR L, B R R SRR (XGBoost)  (Chen, 2016) X & iA%E
TER BT EEMERHES, 4 XGBoost fll TFM+CNN (Vaswani etal, 2017) PRl g7
T e KRR, DUIER e KRR HERf 2R

1 e dls AL FE 7%
(6

W£E T 2003—2023 A1) 4 [ b A AN SRR B 1K) A2 E T s st AT (] 1R K 88U B BA K
FHRLK 25 B R R A . A — AR AE RS /74 ROSE2.1, it N L&
IR FE T RIAEE . AR TVS S5, SRR GRS B TIERE, kR
iR o 2R LR AN RV 25 5] e O L T B R AR RN T e, e e R AR )
B} 1] BRI E T I AR A A F (8 75 AL RASHEE o AN SC T FH T a8 R i ik B B3R R AN v A Ue
8¢ TVS ff) CINRAD/SA. CINRAD/SB #ll CINRAD/SAD %5 () 55ik, FH HAI T &k 2 4
O£ R A PRI R R AR 1) 18 B2 1 T A B 40, 36 100 M H A 244 Ml A (1
ANEEREEAT RSS2 A B B IEEEEE . R L] dHRA S 0 S
Al SRS AT 40 95 Tk B R A VCP21 AR 42 (6min 434 9 N[ & i )
B VCP11 M43 (5min $34 14 NMEE ) SKFE, BIRBORTEREL N 10, RGTHRFE T
Ko FEK O 1 km BY 250m, 42 [ TR A KA 250 m.
1.2 BiBALE
1.2.1 RAFEFESHH

Xt R IAFE R REAT T AR A (R, 2013) AR FEEEREN (H s, 2012,
2016) Kb¥EJ5, fi T BRARIR BB EESEE (SCIT) 37T MR IRANE RS #/H 4Rk
Pefe /N 3 5% (LLSD: Linear Least Squares Derivative) J5i%Adiit 7 iR EYIAS, RT 5
AL EED)AR KR, MR SCIT Bt T 2 BME (42 7 2%, SR RI{E 5709 70, 60, 50,
40, 30, 20. 10, Ay 107%™ Z4ERIEFE (3DVS) WA, FH 3DVS 5 KEREIKEL,
H AR BUAR AR 1 2 R R IE R (085S, 2021) o RSO A LA A 40 2 1 — 4 KU
S EFFEESL 28 A, HA DL 4ERIEHE (2DVS) SN, STt X R E AR R
&, 15 XGBoost HEAY T TR IANFE B EEMEHEY, 456 F o o Hrik BT 14 MRFIE A
9 TMF+CNN B R N BEAT IR, MRE BN 1, Hi iR & i AT

x1 = 10 (Vi — Vio1,0)/ (2R sin (Z222)) (D

X2 = (Vyax = Vinin) /2.0 (2)
57 = ¥ (Vi = Vie110) X Wy X 2R, sin(A8; ;_/2) (3)
x14 = ¥, . Wg X 2R, sin(A6;;_,/2) (4
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Arbe jo kK BNTORRHERF S, VARFGEE A m-s™ , RARHE (BLL: km) ,
Wy MR TR SR (AL km) , AGAAHSRE MK 567/ 2 (BAr: 5IEE) o
iSRRI T AT

x21 = prAhr2(x2 — 1S,))° /4 (5)

K p AR BE (A kgm™) , BUE bRl B AR RSB R ARCAJEEE, BT 2DVS
FEETH B, AEEERE, #NAR = 1; v NRAREIE (10107 st B 4E)38 e 148 (30

B ), Sy AR SR TR B MR EE VIS I (AT, B8 B 50007 s
TR A B S BN RE I BAT N kg m- s, B0 m. Hx2 — 1S, < OFF, A x21=0,
x21 HEBROR, ot R4 /N AU I IR B e R, iBAT W] RETE IS -

FERAAR R, B (N+1) x (2M+1) K/ 4R e 1, B8 H A&7 M-
PE R RIS AV, e, VAR IR0 6, R 0 BT, JORIE, DI J7 i, K
IE, U T HR O R 77 7 38 BE D)2 x 2 6 R 55 8 R F

_ XrXiSixViaWik

x26 = SELUCAE (= =N, 0,1 N; k= =M, 01M)  (6)

Xh: S = (R+k-Wg) - j-Ap, RAYRH AR OB TEBMAEE (A2 km) , Ap Ny
WA GESE  FHINE RIS owj o ARUE , A SCH W, = 1. W0 FSH 3 b At e, Mix26 > 0,

HI TS LLSD 7532t 5507 7368 & ) AR I A FH £ i W A4 b A2 ) o FEE 8080, G5 oz 43
B ST IR PR B RMT AR, HUATBUR ML 1O/ MIBEE R b . B AR KN HE
ANMEHD G4 1.25km) , A4 N, M FEUE S 38:

N=(int)[ %—1)/2] 7
M = (int) [(ﬁ— 1) /2| (8)

A Gint) RIS FAREE, REM <1, WAM =1; WEM > 13, W4AM =13,

® ZHRRDEFTEHLEERS

Table 1 Radar feature information of two—dimensional storm component

%GB ERSH R spr Eg%;ﬁgﬂm
2DVS Wi KHAB T AEEE 2 (NADV) Abi) 24 41

1 xt LI 10%s 8.49

2 x2 2DVS HaERE g, Bk, BN R ms* 8.23

3 x3 2DVS W i K ARAR 7 3 i 22 T (1) 77 6L ° 7.13

4 x4 2DVS P [ Kis ms* 6.30
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5 x5 2DVS P {1 d /g ms’ 5.92
6 x6 2DVS W i KARAR 7 3 i 2 T ()RR km 4.82
7 x7 2DVS P4 %% ) NADV 5l B TR L Al km’ ms™ 4.33
8 x8 2DVS W i KT BT TE ° 3.92
9 x9 2DVS P I R B AT e LR km 3.68
10 x10 2DVS P f-F 3 S 5 R T dBZ 3.59
1 xi1 2DVS PS5Vl FITLE 7 L ° 3.19
12 x12 DAAHAR 5 13 FE 22 AU EL ) 2DVS (42 B B ° 2.95
13 x13 CAAH AL 5 A FE 2 AL EL (1) 2DVS (4 FEAL B © 2.89
14 x14 2DVS [fifif km® 2.88
15 x15 2DVS [ JE km 2.69
16  x16 2DVS [ T i km 2.64
17 x17 2DVS [k NADV %4 10*s? 2.63
18 x18 2DV/S P 1 85 JAR A0 o i 32 ms* 2.63
19 x19 2DVS P 5 K S5 R T dBZ 2.59
20 x20 2DVS P 55N U R R T dBZ 2.55
21 x21 2DVS (il B 55 ag Jm? 2.35
22 x22 2DVS {5 LR km 215
23 x23 2DVS IR BN X R 224 T i D)AR 10"s™ 2.06
24 x24 2DVS P [ f5 B i 5 ms” 1.9
25 x25 2DVS P/l B e LR km 1.98
26  x26 2DVS IR K7 R i D)% 10"s™ 1.97
27 x27 SN A T B SSHER 2DVS ) 5 0 /KT B km 1.73
28  x28 2DV'S P SR d /N B BT A 1 KT km 1.71

1.2.2 e )3 —fo kb 32

T %N AR R AE B BAE R K, A S R 20, R 75 20 T 1k
AE AT I — Ak B, VS FEEHIE (1.0, 20) Z[H: .

£ = (% = Xmin)/ Cmax — Xmin)+1.0 (9

A 20 2y Xins Xmax SFENRHER T — 0 S0 S MEAR K.
1.2.3 4FAEZ SR R AA AL 3F

3DVS & H £ A3 B OCHKY 2DVS #8), 2DVS AN ELER 75 KR A BRI 5541, 18
S BB ARIASS PRI S KBRS HENEEERE N, FHIAFER 3DVS A1
2DVS M. JREFTEM MR A 25, W80k E [ e Z 4010 3DVS i h S &
SR W 1A 3DVS FdEH I 1 AN 2DVS [ /- REIE fE A R AE , W SIFR 1% 3DVS i,
KFF UL D s in S 14> 3DVS il > 2DVS B A FHIE B AR o B AE, R /2 2DVS
EHUCF R E AR 2, MR —ANOEME (0-1.0E9) SRR 2 TIEA, XA
DU I X P B B AR TV, oV R X Bl S A AL IR X TRM R L% &
B o WIS o gk B WA 3 SRR T A0 (1795 545 BB 2 /N SRR 1Y, M R e 4
R R —3, A/ MER 2 SRR 35 /NI R ik . 76 TRM R8s, 3258 (R /ME 7T

DL R 458 T i RS AR 34T B 4, 40 Pytorch 248911 torch.inf (PyTorch Team, 2025) , ifi
6
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ARG R RE R (Mask) 5,

W EABRAL R, AR T = RNREIRRHE R BIREIL 7756 MEA, HAE
—RNA NN EFEREIRE, A 924 MEA, BORSE R AR BUR 4B 2 7T/ e
N ELIAR 2 AT (R8s AR AR J7 3 22 =20 ms™ ) 3DVS,  [Al— SRR TE A [ i ik
(1) 3DVS MEUHAT BN 3 IO H B3 3DVS KL et KB T AR e E HR 5, LA
1174 MFEAR; =N R 3DVS MG NEEH B ILE R, 34 5658 MEA.
BAPEARE S T 28 ML, @RISR ISR A 14 ML E.

£ EIR = RER LA L, #AL T ARG KENG 53 3DVS RGN E. AENX
AT 3DVS BN A ENBENGIEEE 3DVS N N2 = R4,
X =AFEEIEE 7:3 I LI IR S A 5 A6 KB & AR L R AL
Pl 636 MEAHI TR, A 273 NH T A 583 3DVS 86 X G d B Rk 4L
bl 822 MREARIT ISR, A 352 AN Tl T 3DVS M e 6 K B A Rk E 4L
b 3180 MEAH T UIIZR, A 1363 MEAMTIIK. H4h, Ml 1 15 MEEM 75 4k
Je s NEEFEASEAT [FIAGIASS, 4 2020 £F 6 H 27 HIRZEAEBIALIITR 246 X2 2021 4
5 A 14 AR AAEB IR e XA .

2 PRI BRI %

AL T XGBoost I TFM+CNN Fi R AUEAT % L ik 36
2.1 XGBoost {HAVE 3%

XGBoost A& i I FE SR FH UL 5 (GBDT) #i% (Chen, 2016) , 2 £ 2% 2] (Ensemble
Learning) 427+ 777% (Boosting) HI—Fpiiff ik A . XGBoost AJii FAISRE— N R Tk
WIS SAEAY, (HHXES GBDT (WA —BBREE) TR Z A AL (1) R B
FEMEESL: () WA REESHIR G R, BRI G, (3D BT RN
I RAE RN 73 # i, SCRPE SR AL B R AR HE S5 A AL 2 . it FoaR A AL 2,
XGBoost fEME KR S AR FEVE Ty TR AR .

XGBoost FEAVRE FEBAS = A5y (1 HAREEL, XGBoost 1 H x5 ¥ ¥
%L (Loss Function) A IEN{LIR (Regularization Term) PiEEr 4L  (2) Yesimiry g,
¥ B bR R B 4 0T 7 RURCE R, ) CART (4r2R 5RIAMD 1T 4,
BUGERA BF NG ZE:  (3) FRBn A A3, i SR IAE 1) B ShALEE . 6 BRARFAE 1Y) R 45
TP Wi N 1) 73 R L IE R S50 M4 o S 5 it S I v 2% HLAE RS 1) 27 2] - XGBoost
(R A AL PR RE T2 HAz O3 —, F P o S AR Tt B R AT B B2 25
2.2 TFM+CNN E%

TEM B [yER . ZkER . MBI, TR 5 20— S T B v RNN/
LSTM AN GEAR L H fiff e P 28 PR 6 S AT e A 38 45 ] L

7
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2.2.1 RAMAL
RER I 14 M A S I T S & (BGR 1 PP HERP AT 14 ISR R 4, 8K
BRI T ARIL, AR 14 AN 1R R AN RS R TN R, B R AT A
JEBE, SR, B ) B R, L, REAEHURZ 6 MM R R AR
MR RRE BRI R 2.
*2 FHEBHIIG A

Table 2 Feature ordering method

Iy FFE
1 x1, X2, ......, x14
2 x1, X2, ..., x14
------ x1, x2 v X14
6 x1, x2 ... x14

2.2.2 BAILH

SERLI) TEM 22 Fr g AV RD ASSH B 5 4 LB, FRAT BT L 58 I AT 25 U R 84
PR R B g (B 1, H R A R AR IURIE S B R 45 RS2 A, Et ] AR
FHIX S5 AT/ K100 . T TRM BB (I gm B &, 7ESNR 6 M 751 1 —
AT AU E 14 MEZRREE .. F4ERERDITEREREAR, mREHZLEER
PUREAT RIS, RSO S HEEEAMW, Prodfi —4E CNN fErE4EE A 14 NMETH
F) 120 4>, 7EEREE TRM 4R 5 FocR  —4E CNN {81 S 45 A 120 AN TH3)
3844, FEAEMR B MAZ A ERE . HTIRAMELEEN AT AEEE, FiE%E
HRESZIRZRBUERALEEE . HhZRERNEAET K. QM V HIHHE, # Q. K.
V HRFELERE d 7088 h A SRR R E R R PR, R4k NXd, (de —A 5k 4E
FE) Pty NXd 56RE, PR = WU RS 4E T
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Sigmoi i fF RIS

4z (batch, 64) —> (batch, 1)

N L N L e

(
| o
SLy n
A
[ #emam (batch, 512) - (hatch, 64) g%/_{,ﬁjﬂx*’]
[ #rms cbach, 1024) > Cbatch, 512) T
[ Cbatoh, 2304) > (batch, 1024) Linear
#EREAE Y (batch, 384, 6) —> (batch, 2304)
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Fig.1 Diagram of TFM+CNN tornado identification model framework and multi-head attention layer

architecture

2.3 R RIS A

FERRGRIGHT, B F o T E BRI e WL, ILHT 14 NMRFIER (R
D Ritsrwkatizin 100% (K 2) , BRRl2T 3 MLE T4 73%HIEE (K3) , Uk
HCPR] I A 6 PR AR DR PO, PRI R TR 14 MRHFIERE (R 1) BEATAEST .

ERMHED BRI Suik R E

1
# 0.8
=
=
0.8
.JE
;E 0.4
&
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&
0
0 5 10 15 20 % 30
HEIEA %

2 E RO RHIE Sy B R ok o A

Fig.2 Cumulative contribution plot of principal component eigenvalues
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Fig. 3 Three-dimensional scatter plot of the first three principal components from feature principal

component analysis

KH 3 A o R EAT e s MR, 58 1 AT RN BN B3 3DVS ITE
B, 2NN ERENE BE 3DVS KERERE, 53 DR NERENT
TN (BEAHIEEE 3DVS MR « KHENSEBREEHIRA SIS 1A "0
e, AEAMECLSEILEE 2 A 242K, ESERRL g, ATLUE S B BEVEHERR TG 23 3DVS
MTE s AR, FEINLES 2% S AT 2 A Ak B,

2.3.1 XGBoost # #!

I PIRE FREVE, EEERES R 3 i, o, REEE n_estimators=120, R
B VK max_depth=15, 1F # #£ 4 ) B % scale_pos_weight=6.0 , 45 2% 2R %5 1) & A% (H
gamm=0.15, L2 it 7% i %4 lambda=3.0.

TEA e BT B3 3DVS M e M WE i, IEFREARRI LUy 1:6, FHhIEREp)
NI R, FEINREE E, IR B HERG R N 0.960 (R 4), 32 # TIE4F1E (Recevier Operating
Characteristic, ROC) B4k FMHAR (Area Under the Curve, AUC, T — />3l ikl
S I ENEIZALRE D N 0.976 (l 4a) » A RAENA B3 3DVS KT 46 XM E 41
IEFBEAR T 1:1, ENRAE b, BUAIHER 25 0.805 (K 4) , ROC HIZk 1 AUC 2y
0.872 (&l 4a) ; fEAHBEMI G NBEHIEED, EFREEARREGDY 1.7, HrpERGI
B AR, FENREE b, RSBmO 0.953 (R 4) , ROC HiIZE Rt AUC 24 0.975 (& 4a)

% 3 XGBoost #B&#
Table 3 XGBoost hyperparameter

S 1B S 1B
Scale_post_weight 5.0 min_child_weigth 1
Learning_rate 0.01 Max_delta_step 0
max_depth 15 subsample 0.85
n_estimators 120 Reg_alpha(a) 0
silent True Reg_lambda(A) 3.0
objective Binrary:logistic  seed 1440
Gamm(v) 0.15 missing None
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) XGBoostiIROCHHZL b) TFM+CNNHJROCHAZE
LO | e Lo
09 | I < 0.9
5 0.8 S os
T o 2 0.7
2 0.6 Z 0.6
8 05 &€ 05
% 0.4 H g 0.4
E 03 | —AEEMEREFDVSHIT AL ER R EIRE AUC=0.976 Eos | —HEENTREIDVSHELERNRIIEE AUC=0.983
x 0.2 ~~~~~ BREEMETEDVSHELZERNRHIREAUC=0.872 E 0.2 .:: ~~~~ BEEMAREDVSHELERNRHIRE AUC=0.903
Eoo g — - HEERNERERREE AUC=0975 o1 F — -EREMELEHIEE AUC=0979
0.0 0.0
0.0 0.1 0.2 0.3 0.4 05 06 07 0.8 0.9 1.0 0.0 01 02 03 04 05 06 07 08 09 10

FPR (False Positive Rate)

K 4 (a) XGBoost

2.3.2 TFM+CNN #£#!

FPR (False Positive Rate)

(b> TFM+CNN [ ROC HthZx}tt
Fig.4 Comparison of ROC curves between (a) XGBoostand (b) TFM+CNN

TEA ABFTE R34 3DVS M et AR, IERRARMLLEIN 1:6, HoEFA
N AR, BN L, RAERZF N 0.978 (38 4) , ROC B4k T AUC 4 0.983 (I
4b) ; HHBHE TE 3DVS MTC 4 KGR HHE 4 1 IE SRR LBl Heii 101, 7ENNRAE L,
RBIHERR =N 0.863 (R 4) , ROC HiZk 1 AUC 24 0.903 (K 4b) ; fEA GBI ER
BHARE , ERREARRLLE N 1:6, HrhERGI A MR, BN L, U
4096 ((4) , ROC HZ TH AUC 4 0.979 (&l 4b) .

* 4 BEMRENIT RS R

Table 4 Evaluation metrics and results of the test sets

BRI 4T mowag EE auc
e E % 3DVs iy XGBoost 9.0 0976
T e N EEE R G TFM+CNN 97.8 0.983
e 5% 3DVS [y XGBoost 805  0.872
TRAENBEBIMRE TEM+CNN 86.3 0.903
BB R XGBoost 95.3 0.975
W TFM+CNN 96.0 0.979

TFM+CNN #ER b [1) TEM &5 ol sSeieffie (K5, 6 M dmbiddsfl4 M H
RS BT S 25 R, IR Adam, 457 2% R 5 Y — 7038 SO 5 2K R 0
F, BB AN EH T R R e PR 2 A R S SR sk Ok, SR A Mask FB AR — 24
BERILETH S 23 DR i IX — 2 S0 AMR N Z I BR 48 FE 4R = 31 240 NERE S, BEASIZ5 5
Pl LA oL MBI ARG, AR RSN T 5 AN AERE, W EIREE,
P T UMER R . BEELIZR Epoch $ON 5000, AEIIZRSE — 5 fE IR A HEAT VR R
Kz, AlRlZ, F1 SRbRTHE, iRl 45 A A2 1) ) (e AR A 4R 1) 1E £
FEARLLGIRE , R e B MIT0 2% 3DVS [MJE et M EdkE 5 EIfE )y 0.86, fEA B
2% 3DVS [ TE e 6 MR BdE 5 L RIME N 0.56, 157 & T 0 M i 4 - 18 0.88.
BERLTE 3R = AR T I ZR,  7EVIIZ5E) 3500 4~ Epoch J5 4t 2k s B s TR

%2 5 TFM+CNN =8R8 45 R
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Table 5 Experiment results of the TFM+CNN model

Ak oy e BEAE/TC L 3DVS [ R K
TRRETER AR CENRSE LIAERE /%

96. 6

96. 8

97.8

96. 3

97.1

97.4

> NSO RS S )
D D O =

TFM+CNN R 7E U5 HERA A0 AUC J7 AL T XGBoost #5i%8Y, H A 724 e Mo e
% 3DVS MG et R A ERUIMERS 2 5L XGBoost 17! 5 1.8%.
2.3.3 14

KA S Ew =M e, Bldip 2 (POD) | B2 (FAR) filllg S h 5% (CSD
AT R PEAL (Wang and Yu, 2015) , Z53 3K 6. WFEHHIIL, TEM+CNN B4R FAR
HEAREMTC R 3DVS Mt N EEGEE . A RENT S ELIEE EL XGBoost
53 T 5% 3% LAk, He AR T XGBoost, A CSI & 8%~11%, i F & 12%~
16%, TEA G 53 3DVS K MEE L L1 FAR MWK 3%

% 6 TFM+CNN Fl1 XGBoost % T {h 455
Table 6 Evaluation indicators and results of TFM+CNN and = XGBoost models
kil G S CST  POD  FAR
XGBoost ARG EE 3DVS ML REXNBREIEELE  0.74 0.78  0.06
TFM+CNN AREGMICRE 3DVS ML ENREIEEL  0.84 0.94 0.11
XGBoost AREGA R 3DVS ML EXNREHEEL  0.60 0.70  0.19
TFM+CNN BB L 3DVS ML ERBEHHE  0.71 0.83 0.16
XGBoost ARG T G N FEH 0.65 0.71 0.11
TFM+CNN BB e N5 0.73 0.83 0.14

3 FERN

AMFI1: 2021 4E5 A 14 H, 8P RJZ RIS STRAE R T, BRIV DRI ) T iR
oy, FESFRIGIR, GRS S SNRIATHlR S 30— KR AR U R R RN AR i % A
W, 20:33 (L, FED fFERDEEERAE T EF3 k6 X, 4ERFZ) 21min, FIFH 19:54
—20:54 CFEIAFEEAE SO DN RS IRIT R (3t 11 MRS s R A s, R
TFM+CNN KI5, 45 BRI 20:12—20:54 42 8 MAFIR BB w5 (£ 7 ME 5),
Fofth 3 MR IR ARIR N B4 o 78 104 I A I TE] B 20:33—20:54 Chf B iy ik A4 5 ] 20:30
—20:48) KRR 100%, 16t KA 3 MEARRIRAE S, HIRME R
B L AT A6 K AL I TR AT 20min, FER S5 RE TR AR aa s B R B e 4, X 44
S KA S %A TE A 3 o
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138 e
20:30:01 87 Vel ot 15" layer

‘1155 114°E 114 2°€

E: AOE=MFRRIRBAEIRTE RS, EOR=MERRAE BSiA .

52021 4 5 JJ 14 H 20:12—20:54 TFM+CNN # R4 PUSBU e 450 (=) J2 1.5° A IS 7
EmEE (R
Fig. 5 Identification result (triangle) of the Wuhan tornado by TFM+CNN model , along with the reflectivity
factor and radial velocity (colored) at 1.5<elevation from 20:12BT to 20:54 BT 14 May 2021
# 72021 4 5 H 14 HRBUE s TEM+CNN BEAL R 25 R A0 0.5° Iy 2DVS FHES & (K
Table 7 Identification result of the Wuhan tornado by TFM+CNN model and the 2DVS feature parameter

values at 0.5°elevation  on 14 May 2021
X2 x7 x10 VIECEN Lt

HisfsE 4E i

i1 (BT) AATS) sy mimsh)  @BD) B /B
20:12 113' 292 300. ?\?3 452.5 22.9 858. 4 1.9 e I
20:18 11:3' 226 300' %\129 589.5 30. 1 1328. 2 6.7 H b/
20:24 11:3' 287 300' %\125 495.3 29.1 887.4 -5.8 H /"
20:30 11:3' 258 300' %\117 507.5 28.1 356. 7 19.2 H F)
20:36 11[3' 306 300' %\114 826.0 29.6 759. 8 33.3 H F)
20:42 11[3' 343 300' %\121 831.4 28. 4 406. 0 35.1 H H
20:48 11[3' 379 300' %\120 849.1 25.9 430.0 51.2 H H
20:54 11[3' é09 300' %\124 906. 3 22.2 475.0 46. 5 H T

2|

AMp| 2: 2020 5 6 H 27—28 H, ZHFME2m, WAL kAW R, 27 H 19: 00
KA TR X R K EE I R AR T EF2 e, 4EFrITIAIZ) 30 min, i FH 30 E5 iAW
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W 17:24—19:42 3L 24 MR R EARE, R TEM+CNN BEAGR B4, 78004 K AL
B (19:00—19:30) A 5 MAHR XA, 1 AMHEE R (19:06) JFIRAI, 5L
ThEN 83.3%; B VUCRHIA RN 1A 19:00, AHEL IR T4k A 25 s 1) 1% AT $52 i i 1) 12
FEH BRI, FHARRD

4 w5

AR HEFE T 2003—2023 4E )4 EH 65 SR SR SR IS A 3505, A MR
B ERA 3DVS WU BE, FREL T AR 28 AN IARHES, #32 T 924 ME X E . 1174
M 2.2 3DVS M 5658 T 3DVS 76 s KB R L = A4 . A H XGBoost X1k
BT EEHY, PR VTR EGT 14 MFEEIE AR . KA TFM 1%
g, JERIFH CNN @i [m &4 SRR BN 24882, M T B85 KR
(1) TFM+CNN JREEE SRR, 04T 3 A Zar Uilae: (1) A /o3 3DVS Mk
BN, (2)FH B 23 3DVS K RNE&, (BTG NE, Hxf sl | XGBoost
BERL, REIN L.

(1) EMRI SRS JTH, TFM+CNN RN, SeB 7 mIZ5m B E R /1 A
B, SHRPES I ZRBORA — R B3 AR S LK TFM+CNN ALY 6 )=
TRILA 4 D EERRE N AE; XGBoost Sl AR TG, 4 HukERHE N 120,
WA A 15 WU AT

(2) PIFPELELXS EE, TFM+CNN #EBIFE = A 40 K58 ¥ CSI 437118 84%. 71%.
73%, POD 4%l 94%. 83%. 83%, FAR 7735l 11%. 16%- 14%; #iI XGBoost #5724
bb, TFM+CNN #E88ER 7 7R 30568 1 AEE 3 119 FAR &1 5% LAYk, e fabrsdlxd B4k . kst
TFM+CNN ##7E ROC T AUC B K, RIHIZILAE 1 H

(3) TEAFEARELE LRI, TFM+CNN HE5UF1 XGBoost 158 #I7E IS 2 R I &
7, RPHRAENE RE 3DVS ML RENFRRAEX 7, BESIHEE.

(4) HERIRF 5T, B 2021 45 5 H 14 Hali4, TFM+CNN AL RR I %
N 100%, TIRESE TS 1E] A 21min; 415 2020 45 6 H 27—28 HIHI 18, L3RI %A 83.3%,
0 TRV I B[]

AR FUREEE T TRM+CONN R 2 2% SR T 1R300, oo KPR RR AR T e bl a8 2% =) 07
P00 XGBoost, FEFST AVEZEANHIS ONW Z5& LBl T “ &R RERIL” IRHIE
A IR, GBS HE RE 3DVS ML G XNRRMEX 5y, REEER. BATEHRR
WA Z BRI R TUERE 7, AHNERE 5 52 T A T B M A . kTR
SRS NP i1 R 1 < i1 e N AN BN S =P i i 37 E QTS N A I S 3 o 2
—BRA TR RIS § R 2 IR SRR TR, JEHERN AR S5 R I A B

PRI, $R R T R
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