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Abstract

Gust fronts are common mesoscale meteorological phenomena that are frequently accompanied by
severe weather events, posing significant threats to life and property. Accurate detection and iden-
tification of gust fronts are therefore of critical importance for disaster prevention and mitigation.
However, several challenges persist in the detection of gust fronts, including data scarcity, strong
regional specificity, suboptimal performance of traditional mathematical methods, difficulties in
accurately identifying their shape and location, and limited generalization capability. Moreover, the
subtle characteristics of gust fronts often lead to confusion with other atmospheric phenomena, re-
sulting in high false positive rates. To address these challenges, this paper proposes an innovative
approach based on deep learning techniques. First, to overcome the limitations of traditional detec-
tion methods, we improve the Mask R-CNN model by incorporating an attention mechanism and a
feature fusion module, significantly enhancing the detection accuracy of gust fronts. Second, to re-
duce false positive rates, we introduce radial velocity channel information and design a context
branch to strengthen the model’s ability to distinguish between gust fronts and interfering elements.
Additionally, we develop a three-dimensional gust front dataset using next-generation Doppler
weather radar data and expand the dataset through data augmentation techniques, thereby provid-
ing a robust resource for gust front research. Experimental results validate the effectiveness of the
proposed method in enhancing the accuracy of gust front detection and identification, offering new
perspectives and tools for both research and operational applications in this domain.
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Figure 1. The gust front detected on the radar image
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Figure 2. CF-Mask RCNN model diagram
B 2. CF-Mask RCNN 1% 8! &
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ARSCHE S T — o B T R AL AR AR R A R ) B VB A I 5 AR 5 CF-Mask RCNN (Mask
RCNN + CBAM + FFM). Ff HAESB ARG 2 b, Wit 7 BR300 3, H5s 7 BAUGFHRE 2R il pe
J3o AL EE T A OGS N /N B BRI L ERRAE, SR AR RS B, DR XU AT 55 S 4t
TR R DT % BRI 2 R . 3 B HE 3T (Backbone), X I HE# (RPN, Region Proposal Net-
work), RIS =AM,

3.2. EF(Backbone)tEiR

Mask RCNN & —Fh T8 HE 1) 2 RBER IR A . 22 ROBEA I 2 48 7E G i I H ARt ANMUEE
HbRE BUR R R4 hr B, 022 18 B AREAS R R T R/ NFEARAE AL . 9 1 SR Z2 RBEARTIN, Mask
RCNN K T - 1E 4 735 W 2% (Feature Pyramid Network, FPN), RFIE 4 725 P 28 18 i 75 5 A5 WX 2% v s 0 &
AR SR SCRIAG S, DAAS ] (8 E 49 AN R rh SR L 22 ROBERRAREAE , DT A 88 £E AN 5] RUBEARFAIE B R Al H
AFRANE B bR BAkH, Mask RCNN fEAN A RBE A2l 1 AR B8 e LA HE , IXRE mT DUR B Hh 223
MAE S FEORKE DL, SR X IX SO REREAT 70 A FAE RN #8245
FE4E ) H bRt BEA EE, Mask RCNN AMY AT ARSI B Ax, 38 0T DO B AREAT 52 3% o X Fh i) 435
R DL B S 0OAS 24 b P e SR P B AN E B, AT B G SRR R A A LA S, R TR BRI
PRI M. AN SCAE Backbone 5| A\ CBAM ¥ & J7pLii], AR AL s o i AN B /s B bR o,
MR B o[RS, 75 FPN ALl — AMFEAL A 18 14] (Feature Fusion Module, FFM), & FPN
A fRAE R, B RS FE A 5] 73 HE 28 IR AIE ] o B0 A RO AS ) B XU

3.2.1. CBAM

TE H & SCRARE RS JT 1, ASCRH T B RA8HONE RS # 172 8773, BAHE RS 4R T/ B IX
B, WS THUE R, T B Rk WIS B2 . LR, #£ Backbone f¥] ResNet 5% 72 /2% /15| X CBAM (Con-
volutional Block Attention Module)yE = JIL il . 20 18] 2~3 Fiir, i@ I 7E ResNet FIFEAiliER 4178 i1 i# 1 (Channel
Attention Module, CAM)F1 % B = /1 (Spatial Attention Module, SAM), AJ ASZELGHRRE # H & R
B, BRI (con block)tH 2 aritl, XA AT LLERE =) ResNet %f H 25 B CVERE, JUH & ik sa N H
PREVRAERRIE, $0HTCARAE B, BETH e B A ks 22
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Figure 3. The identity block module in Resnet incorporates the CBAM attention mechanism
[& 3. Resnet ##4 identity block #EHRFELE CBAM JEE N#H|
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3.2.2. FFM
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Figure 4. FFM structure diagram
& 4. FFM Z5#4E

33. R

RPN [15] (Region Proposal Network) X 44 X 3T IR 2%, FH T~ 75 Bl X 4% HE 77 OSBRI [X 43 . Mask
RCNN FERORIRI . 5328, 78I =AMESS, AR EE A, Mt EZR 2 IR E, Jedn
— RAEAE, SR EE I —E FRUUK I . ERT @ Backbone F1 FPN 433 3808 f5 FRFAE, HLAEHL
TR ZAHE LA RPN S50, X BLFR B0 — o5, B AR X L2 RHIE B 2 (B AR 3 Region Proposal 1]
i ROI(Region of Interest)#FAT 5 2570 AR AT, SR J5 1% £ & 18 R FEEI Feature Map 2&1J) ROI X35,
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B RV BRI B 1 FEBE A SR 2R, AR AR KRR, R h R IR R R & (7)), H
PES TEEMEZRERE, FEREEMMEEEA O, WA REEE A, B TR R,
TEGAHEEANRRER, U I IR FE RO T B LB AR5 . oA T = & R R LE U R
HHER S S, ASCHE SR B (R AR ) FEAE AT BB AL A [ 16] 5 HEAT T X LU SESG, InNAR ) il 45 B 3L
VENESM NGBS, AR BRI B A . R SCER B B U b R SCA RS AR5 B AR BRI, I B
M7 )70, AR¥E RPN MM 025, [IAME R, 240l NMS 3 2541 ROIS, ARAEHTHIFT 42 77 =X,
AT A KA T, 3B B s i 6000 ANEGHE, FEHREIE RPN JZ )51 ProposalLayer JZ 25— X 1Z 1E &
JHIBREE 5 ROL J A In— LIRS AF I B SR SRS B 203, 3RE ROIS IA8HR, JEARHE R cey
HEEAFAT B 3 P R AL ER R AT AR BE 2000 4~ ROIS, SKIEAFA I3 25, [FIEL HElRAE.
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3.5. BkEH

ARSCHR I FE A% O R T I 2 AT 55 B0 R KT B ROTCE ) X I )4 45 R . B2 T Mask RCNN
(R VBRI SV A R B 17] L, POV iR A (DRI Q) FTR :
Lrnzal:L({Pi=ti})+LRo1 (1)

Loy =Ly + Ly + L, (2)

Ferpr RPN JZ b5 2% BR B0 (3) s -
N YN ARV LS Yy 3)

Horb A R BIAHR FIARCE, A BRI B EAR [0 9 453 2 R 800 RPN BEARH R o ik, 11 4 8N 37
(5] VA4 2K BRI BB, LB AL R U 45 % R O RPN AR R I DTk . % T-7E ROI X3k, T Mask
RCNN #2326 kil s 080T — R ARS8, it DA 2% ek Bt e 12 80 0 S 2AF 25401 2K
Loss = Lels (47-2%) + Lbox (&) + Lmask (43-#). Lcls 1 Lbox #& Faster RCNN A4 KL B8 %, 1M Lmask
)& mask 433 A sigmoid 43R K.

(1) 73 2E42K (Lels)

Lels: A2 1B R IR B B ARSI, 5 POl 2 By Ui B AN 2 iy Ui, tHE B A
DFR, Hoy NESEFGNEE 0 B 1, p AT PR A (BUE R /NE 0 B 1 2 [7]):

Lcls:—(ylog(p))+(1—y)]og(]—p) 4)

(2) A4 2K (Lbox)

Lbox: FRyniAMERAHK REL, FRox HFR A IIREARAR T R AR L, tHEITEM ARG R, Hibx,
y AR B AR IAE 0 ARAR, w, 5 32 ERRECIAE R SE AN R, o 2 AR DUAE (1 DU AN S 5000 B
AFRIAE I EAE, ¢ 2 H AR IHE B DY AN S E A B AL bR ) S A ER B, smoothL1 & & R4k R %L

Z smoothLl(t/. —t:) (%)
X,y w,h

Lbox =
g }

i
T HE [ U o B DY AN AR S B o B A A R (6) s :
t, :(x—xﬂ)/wa - :(y—ya)/ha
t, =log(w/w,); 1, log(h/h,) (6)
t =(x—xa)/wa 5 t» =(y* —ya)/ha
t = log(w*/wa) ;b= log(h*/ha)
Hx s x, xRS BARKAE TS . anchor AE.  H ARAIIAE M EEAE 1 X B4R, yv we b tBIFAHEE.
XF T smoothL1 [18]eR 1 THE A :ln(7) R -

0.5x%,|x <1

‘x‘ —0.5,0ther

smoothLl = { (7)

(2) HEME 2K (Lmask)

Lmask: X T4/ ROI, mask 7} 3 & XA Km® 4EHIHE FER R K CGRANM AR 73 2060 T 45— A
mxm X3k, WFFE—MER, #EH sigmoid BRECRA XA, HEI T XREiIR%E Lmask. XFF8—
AN ROL, GRS 43 2] ROL J& TWR— 4325, ik RS F WS — AN 29 32 158 U R ZE A iR ZAE AT VT 5
XFEIE AL 28 A TR R X —/MERE T —28, HRE L X RIERA I A 5N K
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B T LAOEE S REAE b H mask. W SERIMT 538 45 2 BT Y classification 433 . 18] 1M 5 Z A&
SoHfE XA Rol /2N, A SC RO B XV — A28, AREEE R AR 1 AN25) mask, 2R )5
— N AMERITN, e P A A OB Loss, WA ()R

L ke, (®

‘mask

AR, m RFEB R, w? TR mask 3006 EEA RO X 37245 m x m RSP A/NOHERR, § 7R 2410 ROI
XIEZARENZG, KRR UaE R FEERENEE 20, B FEFH#RA 14
3.6. WiERR

FEHEN A U B AR TS5, 8 7 VPR MR RE AR 560 VA T AT 1, VPAN T bR e AL
FEHR[19]. AlEZe, I EE . 78R RERT I AT 1 S G I SE bR s ZEH, 3@ AR ERER, R=A
RLIRPIREAGAR, AE R BN S EEARYE . 223 HLI0U) [20] 7 SRffr & 5 An R ik it % 5e fr
FEEE, 10U 2 HFn i BOMAE RN bR ZEHE 2 [ 22 82 5 IR AR RO LA, BUEEOK, Ui B H AsAs il 5800 5
FRUERf . ESZPRE R R — 28 E — AN IOU {8 (threshold), #15%E TOU > threshold, X4t iR AN “ ik,
DA, BRI “HRT o BRIbZAh, ASCHRAAE S VP R AR PR #i 2k, ik 2 ks
RS A RS R, HARRMZPEIRR, MLl F MR e B ARSI E AP, 2%
FEAEFRREI, TR 25 28 P 0K B (mAPYE AT RETFAN Fa b . — MEIEIOL R, B 3 R % B OB AL KR,
UG ES S G LY

TERE RGBSR Y, MO S N, S5E PR 22, B U U BT — IR R S 5 0k
MRIE FE bR 2 i — AN IR R B R, N TP VAR RS, B 2 1R AE SR T 5N KA IE A R
AR IR R K e AR XU TR AT RSB T FE AR A Dy B AN A

Acc = x/(x+y+z) ©)
WP:y/(x+y) (10)
Lp=z/(x+z) an

Hoifdce s w, o L SBERIRFBIEHE . RHE . RHE, RO R310). RADM x. pv 2 5B
RHIBIEFEC SRR

4. SSWE5ER
4.1. BIE&E

AL AT B R IE T 2 R AR IE[21], Wi T 2013 HEE 2016 AE AR F4 2 NMT (BL S
WEBH BEI ML PR REPH. ML FERH. MERH. =I1)REMEEARPEHE. SbrE bR, N
AR, IR 0.5 FEIAZE . 2R 200 2 BN ) S S 28 IR RAR v 3ol EE N 0 TR B Ik PP 454
OB R A, WA S Fios.

AR Labelme [22] B BUE AT A bR TR, RA T FINN B SARER 7L, DU & PR B
AN BN HERR T . PR EOR S BRI o, WBENLIER: . BENLE BT KT/ S B, 193 T — Ml E
B R DI R ) R A S B S B, 50 1 i 5 PR SO 1) 5 A5 AR IRV R A T B kS it 26 TR 7 8 ] 7782
B, AR SCHERE T RHAVE N 2016 4F 5 H F 2016 4F 12 11 100 5K < 20 5 S 19 88 1) 5 75 35 I 59 2% -5
P B E R IAAE R s 8 5 5 1 T T8 S 26 R 1B AR AR 9:1 [ Ll 4 M SRR AR UEBE . LAk
Mo, YIGER TGRSR, 0UEER TERIES RPN 0 T R AR B 7E R Wt i
Bl FR R, SCIOHUR AT | FR. 52 4.3 7R EOR AR IERE b, SN T AR 1 B A
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Figure 5. From left to right are the reflectivity factor pattern examples, radial velocity pattern

B 5. NEZBWRRARGTREFEESG], 2E0REERE

Table 1. Distribution of experimental data sets

1. LEBEENHER

SEIS R 5 A0 /5K B 758 H /5K (B BS 5ERET) B/ RS R )
LSS s 2013~2016 1297 7782
YdE 2013.1~2015.9 1077 7003
IrAE 2015.10~2016.4 120 779
A 2016.5~2016.12 100 0

4.2. ETERDHIFHER SRIRATBE X &4

A SCHEH ) CF-Mask RCNN 28U AF Xof - B 28 A5 R 7R 45 Dk A HE RS (8t b, E 32l T RU R RIAN T
M, BANAWTR: (1) 51N CBAM FEREING: (2) SINFHERLGHE(FFM). 56 UE > o
oSSR R, AT AR Bk, 4 BRI X CF-Mask RCNN ) 26 A5 78 Hh o 95 A 5 T i 17
DAY Sty . BELR AR Mask RCNN; X 5| N T CBAM vER JHLHI K% Mask RCNN + CBAM; X i
A TRHERAEEL Y Mask RCNN + FFM; 5]\ T CBAM VE=E I ALHI H il & T RFIERlA A H ) 5 4
CF-Mask RCNN (Mask RCNN + CBAM + FFM). i grifsess, SRR SEEHE: ResNet
T, WIUEF I3 0.001, Adam f1k#%, Batch Size 4 8 LK epoch 4 50.

Table 2. Experimental result
®2. LWER

A HUIHER (%) THIH (%) RHH (%)
Mask RCNN 78.04 9.56 17.52
Mask RCNN + CBAM 79.30 6.01 17.36
Mask RCNN + FFM 78.79 6.32 17.53
CF-Mask RCNN 80.49 4.35 16.46
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Table 3. Experimental result
®3. LWER

J5ik H) T HERF 2R (%) TRHZ(%) R (%)
CF-Mask RCNN 80.49 435 16.46
CF-Mask RCNN + 2] & 80.51 5.71 11.14
CF-Mask RCNN + |- R3¢ #y5i 82.17 432 11.92
CF-Mask RCNN + & E + 3L 88.16 2.90 9.46
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Figure 7. Experimental Loss comparison
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