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Abstract

During the mature stage of the convective monomer, the cold sinking air, as a cold air, extends
outward at the bottom layer near the ground, meeting with the warm and wet air in front of the
monomer movement to form a squall front, also known as the gust front. Based on the acquisition
of radar data from CINRAD radar, we can be further automatically identified and detected on the
field of radar images. Wind crossing is often accompanied by severe catastrophic weather, which
is particularly important to improve the short warning ability of such catastrophic weather, and is
also of great significance to meteorological disaster prevention and mitigation. Rafale front auto-
matic recognition task still has the following disadvantages: The recognition rate of traditional
mathematical and physical methods needs to be improved. Due to the regional difference of gust
front as the target is small and the features are not obvious, there is still a considerable difficulty
in accurately identifying it. Currently, there is no truly commercialized approach in China Auto-
matic recognition algorithm for gust fronts. This paper adopts the deep learning method of recent
fire, based on the Mask RCNN model and the resnet101 backbone network, after detecting the ef-
fective gust front, combining the emerging problems and the gust front features, combining the
attention mechanism of the channel and space dimensions, extracts the target refinement features,
and performs the deep small target detection. Using the CINRAD weather radar data of all cities in
Henan province in 2013-2016 four years, the number of datasets was augmented using the Data
Augment for Label Me method in Data Aug for Object Segmentation, enhanced by the diversity of
the data. Given that the gusts front is usually accompanied by strong thunderstorms, the radar in-
tensity diagram shows a narrow-band echo. The design uses the Mask RCNN model to complete the
automatic gust front identification on the radar map. The specific morphology of the gust front is
divided after the specific position is detected. The recognition accuracy can be further improved.
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BEAGRECA R A 2 I B AR TR, W — DT IAEN— NG, Gt B AN REAR R B XU (BT AR
ffE: BEY. ®EY. Y. HERMEE. SRR FEER. Ko REERE R ERIY—
FEARBBICIRENE, ERIBRGE LR R AR Y BRI i AR & (V15), &
5 A A BUR A ) AR PG 0, 33K P P VO 9 4 v T8 5 Ao A B A bk BB K. o IRV A H A 31
TR IAEE, 2SR, A REINR A B T AR RHESE o A DR XU IR Sl B % FHARRAE 2 A I 5 el ok 2
AN 1 fizn, Uyeda FA7E 1986 4EmETF46 T X B RV IR 7T, JLAE T B BRI 22 317 0 R 1 el U R AiE
Guitort)a, s SO AN EE, SR T TR KU R A LR BE . SEE Troxel [1]55 ATE
1994 FEFLFEH T RE R A S - B BRI R LK) MIGFA ik, HULHEIEEWES A& BRI R L
PRI [7) 2% i) S5 248 B2 _F A4%4E, 8 TDWR 5350 ASR-9 1k 70 SIS T 75% 1 HERf 2 F1 88% I HER % .
JE R 2= AT T LA SE R AS W i R 58 3, RGBT 24 B AR5 SIE6 % 11 Smalley 25(2005)F1] FH AR oF £
MRS T S SRR IR AR EL, H HTZ 57 C 4l a1 358 BB — ORI NEXRAD HRE KUEE R I
ER Lz — . B R E 28 8 E R R, B A= E A A 4R T MIGFA g th TR 2 305 5092,
ISR 2] (2013) 185 VAN [ 38k w5 AR X ) s PR A O BE R A [0y, 3 e X0l s v DR AT AP £ B JX
e AR B S I T BRI EREOR, ¥ 5 (2016) 51N T BUEETEAS S, 1AL, 11 K[3]55(2020)
T I A R R 2 B R R TE T A MR ERIRRAE, BB TR BRI MR R B B, R T 74% KR
AERIZ . R CINRAD Hud Jy e VB RIBE LA IR 4 T K& A (S BN RE XS], T HE .
WERBHA, WRZHRRSEm, BRI E. M85, E RS 2, Jou BTG
I BERVEERIE “ A7 A0 “BREESS” BORFAE, ATART—Fh B e i 4 75 B0 2 b 1) Bl XU B A
TEMOAE LR RS, 25 P8 3 P KR TEAS [ M B IR BE T AFAE X S 2 b, IRETER G0k LRSI H —1
FREMT . BRI R R R T i

Table 1. The development history and accuracy comparison of the wind front recognition algorithm

=1 BERERREEL RS RAEREIEL

F4 =2 HiE R
1993 Troxel MIGFA 81.5%
2013 AR L [e) 456 RV 71.4%
2013 [ 41 41 [4] %% J05 bR U (FTC) 45 & R D 2B 53 47%

2015 BIF[5]% T g8 S $EL A 0 g 2 8 - O IXVEBEAR: T i R ARl B 89%

2016 B rL[6]5 HEA 73.6%
2020 WA RPE AR I 4% 73.3%

8 T 1K MR DU A [RIBX —RPAIE0T B RV R AT 58 67 Bkl A T b 2 tH B B Hh i A sl
AR DA S Gy E I . X TAR S8 ik, KA R BE IR ARE 8 I KNS I A8 4 [, Rz AL
RSP AR, MELLHE . T VRANZFIA L, SEFHE S PP 2% [ B B SR ) H R XURE (1 2 s [
TIE R BE I AN ETE2 A 1 B8 - A SCa%E Y 2013~2016 VU 4F BLyA] B 44 4% 117 1 22 3 3 K SR A 2dE , 4 Mask RCNIN
HFN resnet101 02 51 N FERVEERIR A, SR 238 8 2k 7= i AR i) B ik T, o RN B A
Hr, K resnet 2 45 SR B 1K 2 2 UCRHE B 5 28 IR IR AE SR ON RPN X4, JEAT 435 ANIR1E,  FFI
Mask 73 3CHEAT 731 733802 F TR v B oA T e VB O R4 HH 20 2RI, B0 D 1 Re g vt ot
G MR R HREAE, B A T E IR HE B RS B 20 3t B RV A B, Ju R, R/NRIERS . e
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2.1. BIRERELE T

ISR FH (2 22 3 8K 8 15 (CINRAD)AE 2013~2016 PU4E B RS 4 & &M, E590E, BT,
FEFH, AR, FERH, WERH, =11 RERIMFERMETEGE, WE 2 Fx, , B 0.5 EMMAZEREIA PPI
By, H matlab PR FIEE B ROR B IA SO R T AR 3 63800 7K, A RST N 1667 x 1667, 4nf&] 1.

Figure 1. Radar diagram sample display

1. BEERAIR T

Table 2. Statistics of radar data distribution and positive samples in Henan province from 2013 to 2016

%z 2.2013~2016 FEA & X BIEABIR S B R IEHABE ST

o W WE s wE 0 W WDE mE =k A EREAG
2013 1397 1292 1409 1478 1193 0 0 6769 208
2014 2264 2260 2169 2148 2230 2002 0 13,073 422
2015 6075 0 5550 6380 6245 6052 2959 33,261 531
2016 1736 0 2035 1613 1594 2012 1707 10,697 136

2.2. BUEEMRER AL
BB RSB A 1024 x 1024, 15— N TS LG TR IA B4R, b RAE 2 2B XV IEFE AR 860 K .
B jid it labelme T H., CAZA B MIFERGAT F20& SbriE IEREA, s 2. FHZE—xF, FREL json #%5X
MIARIERREE, (EAERRE RN Zff (B RVEE) LA KK L R AL R 557
2.3. iRt
L8 BYI SRS (P BE U T SR B R RO, AT RE R IEFE AR &AL, MeRHEEE R
VRIS 1], 7] Data Aug for Object Segmentation H (%) Data Augment for Label Me J5 3584 {4 e i ,
A, M EEY S T BORENECE, K 3. K4, B9E T HERM SN, TR TR EEE, &
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Ak 55 S RENIN 2 5O, &M T Labelme ARG 5T iE, T CLSE AR AR I — g 5, Ay
WA FbRIC S SRR, 1 e BRI A RUOERE AR S 23,777 5K

Figure 2. From left to right shows the original image (the red part is the target area) and the marked sample

2. NEZRWRRARE (LI RBRXE). FRCHEFIRR

Figure 3. From left to right shows the original image, enhanced Figure 1 (flip up and down), and enhanced Figure 2 (Gaus-
sian noise)

E 3. NEZHRMORARE. EiaE—( LT, EaE—(SHEE)

Figure 4. From left to right shows the original image, enhanced Figure 1 (flip up and down + brightness reduction), and en-
hanced Figure 2 (Gaussian noise)

E 4. WNEEHHRRARE, BEE—(ETHEHERRE), EREZ(GEHRSE)
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3. BF Mask RCNN BIFEX £ 055k
3.1, RBIE R4y

Mask RCNN £ 7 ff CNN [6] (AR M 4%), RCNN(IX G Z%) [7], Fast Renn [8] (PRi# %
2R X 4%), Faster RCNN(FHERIFIGFFIZ N ZE), HEITLTER Mask Renn, @115 5. Mask Renn 7E 2017
FERATILIIER L, BRI — KZ S LE T-7E Faster RCNN FOEERE b, M HARKM[OR B2 T K2, M
FEA HARRL FHERS T 2] TR HARHE R %5 %], Mask RCNN KARHEZLIE f& Faster RCNN FIHEZE, ]
PAUEAE SEBIRFAE WY 2% 2 J5 SN T A8 10 40 307 W, B SRS AME 55 (0 R+ ELE) R T =AMES (9
e+ H+53 %), Mask RCNN [10]/2 — PR BERIHELE, 55— N Br i 14 025 i3 1% (proposals, B
Bl Ret & — N HFRBIIX ), 5B Bear KRR UOIF AL i FAERI RS . Mask RCNN 7£ Faster RCNN 1
ININ—N43 3, Tt A8 mask, RRg g B R 2B - — MR —# 5 WM & 2, AMESUER UG Faster
RCNN 2244, Z2491H] Rol Pooling i 5 fIHREAE RN 5 I 1) IX 40 58 45X 55, R Mask RCNN B4 55
FTELS BRAG R, AMBILTFHE, IXFEE RS SBORUER . Q13T ST VL HUAH RolAlign J7i%:1% Rol
Pooling {55 B A . RolAlign FHXUZEPEFR(E TS B G =X 55, IXFEHLAT Lg% Rol Pooling 7=
BRI 55 0 244551 T 2550 19 mask J& , Mask RCNN ] Faster RCNIN A& B 23 8 1130 FORE KAt A1 145 £ ke e
SERRE L B, ORISR T it — P, sk 3.

Table 3. Comparison of results on the coo data set for the Mask RCNN algorithm and other algorithms
=z 3. Mask RCNN BEEME A B IATE coco HHEE FHILERXTEE

algorithm BACKBONE APsg AP APg APy AP
MNC ResNet-101-C4 44.3 24.8 4.7 25.9 43.6
FCIS+OTHEM ResNet-101-C5-dilated 495 7.1 31.3 50.0
FCIS+++ +OTHEM ResNet-101-C5-dilated 54.5 -
Mask R-CNN ResNet-101-C4 54.9 34.8 12.1 35.6 51.1
Mask R-CNN ResNet-101-FPN 58.0 37.8 155 38.1 52.4
Mask R-CNN ResNeXt-101-FPN 60.0 39.4 16.9 39.9 53.5
i |
=TT ——— | | :
| [ I I
I | |
| ' SAM | : I
: £ SE : | FC layers |
| | | bbox reg I
I | CAM I I FC layers i
- : retoves s (1 Coninaes
K 2 “a = | Feature | !
:" = : Maps : FC layers :
| [ ROI Align : Softmax :
WAE RfsnctSO/lOl Fi’N : } S : | :
| | ofitm |
I | } s | L
: : ] Ixlconv | Proposals
: : | Three branches
P l
——————————— L
Backbone

Figure 5. Overall architecture of the Mask RCNN mode
5. Mask RCNN =B E {4 52 44

DOI: 10.12677/ccrl.2023.123060 581 SR AR


https://doi.org/10.12677/ccrl.2023.123060

BiraE &%

3.2. $HEREN 4L

bottom-up

conv5 (CS)‘
stride 32 |

N

0

0.5x

Conv4 (C4
stride 16

 —

—-—. lx:l—)+

N ¢ : 2x
conv3 (C3)| L Gt

| stridey
*

R I
conv2 (C2)’ :
~ stride 4 J—'— IX_1—>+

A

0.5x

M3

2x

: convl (Cl1)
: stride 2

Figure 6. The Resnet-FPN structure
6. Resnet-FPN £5#4)

Mask Renn (188 K52 s UAE T JE itk I 2% (1) 38 528 o RRAIE 2 HUM 28 7 RPN 2 iT, SR FH (1) 72 resnet101 [11]
+FPN(FHIES 738) . Wl —Fn, XMEEHn] DU S AN SRR TR G, (3 F I BG5S EE
MR AE R, FPN SEbr bt —Rid I 280, "TLLEE & &M a2 MG, tbin VGG, ResNet 5. Mask
RCNN #8 fafdi ] 7 ResNet-FPN 44454, ResNet-FPN 4% 3 ANy, R BiER:, @ i R
AR FER:, W 6 Fo, FH2HINA.

1) A#Fmk

MR B B A% o ) AR S Y Sl 2 4 PR R SR O R AR G B X o B 2 ResNet
YENE 284, H4E feature map K /N5r A 5 4> stage, stage2, stage3, staged Al stage5 % H &) — =i
th conv2, conv3, conv4 il convs 73 AllE XN Coy Csr Cy Cs IR —E40E —A conv Ix1 #4E(L x 1
LA T P E £, Joles sk B, it s TE AR B A (R4 256 J8TE, S8 )5 A ESRFE ) feature
map FATINAEEAE . 7ERLG 2 JEIR SR 3 * 3 B FZN O A& IRHEHT A2, H &N 1K
FE (18 B 2 (aliasing effect)..

2) H b A ) R

H BT & s 2 A AT FRAE, X B R B R B 20 FoR e, A R G
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FURE, — s, SAh—J7 el LD IR S5, B sl FoRAE i g5 o B K ) 2R )
AHE K /N feature map HE TR G . HARELZXT Co Csr Cypr Cs IR —ELIT—A conv Ix1 #AE(L x 1
LR T RCEES), TG R EERE, im0 5 B VAR R ¢ 256 JdiE, S8 J5 A1 RAER) feature
map AT AR . TERA 2 S50 2 PR 3 * 3 IABRUZ O fl A IRFET AL 2, H 2Tk R
FE IR B 2N (aliasing effect). 45— F, ResNet-FPN 1£ RPN %i A [ feature map /& P,, Ps, Py, Ps,
Pe.

3.3. SHIEERL

T FPN HI4FIEEI[P2, P3, P4, P5, P6], /44 T MASKRCNN Ki£% 1 Anchor 48HE 4 ik, MR IR VRS
HA RN, 3 P2 B P6 IX TLAMFIESS, PAREANRAE ] LA AME 2 A2 B Anchor S84E, B:4M&
F RV B HEARSEAE T AR A, R E AN A K58 Lh % RATIO = [0.5, 1, 2] 58 B | = A8 He, PH&EA
B & ST 3 ME. Anchor B4 U G H 0o s (1], NS TREIE BUE 22N 4. Anchor HE (1A AR B 2%
JRELH 4k 3] 0~1 2 [A], EPARH N BRI KN

Table 4. From left to right, is the feature graph size, number of anchor boxes, step size, and custom anchor frame size
4. NEZARORAFHEE RN, $#IEHE. K. BEIEEXRND

Feature Shape (h, w, c) Anchors num Feature_stride RPI_\IS_éA\IE:SOR RPN_ANCQH%)F‘?(_SCALES
P2 256 * 256 * 256 256 * 256 * 3 = 196.608 4 32 16
P3  128*128*256 128 * 128 * 3 =49.152 8 64 32
P4 64 * 64 * 256 64 * 64 *3=12.288 16 128 64
P5 32*32*256 32*32*3=3072 32 256 128
P6 16 * 16 * 256 16 * 16 * 3 =768 64 512 256
B 261.888

W 4 7w, B RPN_ANCHOR_SCALES HJ %1, 73 ##Z& K4 EE | RPN_ANCHOR_SCALES
SMRR/N, Ui FAN BARBCR L, POAHEEMIE EERE LS. R 1, 2583 M Xl
B T/NHFRVEBE, T4 TE RPN_ANCHOR_SCALES K/INHE T IR FRAELE /N 172 K 5RS R A I o

3.4. KEH

TE AR 55%: Loss = Lels (7325) + Lbox (K1) + Lmask (2%]). #15<ea%E Lels A1 Lbox J2&
Faster RCNN HF {4 2 B, 110 Lmask MIJJ& mask 23 FR Y sigmoid 4388510 o IR A AR 47 Ak it 2
mask 15 R R B R FE T, HAHARE .

Lcls: =T Softmax B8 1IAZ S5 2 8 8, Softmax B350 B2 6 B &3 1 S50 13— 46 1) 0~1

ea;
2R A, Softmax FETAR: S, = ———

T
et 89

.
HF Softmax 152 XARK: L=->"y,logs;
j=1

Lbox:
0.5x? if |x| <1

SmoothL1 PR %5 : smoothLl(x):{|| 05 otherwi
x|-0.5 otherwise
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MBI L= Y. smoothLi(t —t)

ie(X,y.w.h)
Lmask: F 54—/~ ROI, mask 7332 S —~ Km2 4EAE FER R K GEAN) N F 5806 T8 —A4
m*m X3, S TRE—AMMEER, #2EH sigmod BRECR S XU, 153113558 iR % Lmask. X T8 —
AN ROI, iRk A3 2] ROI & THE—N 402, e RAE AT — AN 43 S5 SO R ZEAE iR ZE AT T
XFERE SRR N A T EEX G —NMEERB T3, RTFEZXEXAN RGP
SN, feJE ] DUEE 5 EME 0.5 /F ELBd M8 mask. XFEBEG T RIFIKSE S, B RIMES LS
I classification 2337 . {71 7 Z 2 S6 1 2 XA Rol A2MEAN2E, SR JE Mg AR R AR T K AN5H) mask,
PUAE H O IR mask, SRJE—N—AMEEX B, A e il P34 AE RS SUE R R T loss:

n

loss = —%Zl‘,(f/i log y; +(1- §,)log (1~ §,))

4, WHEFEFEHIE

TIAEFE R/ 1667 x 1667, FEXERTIIAE T35 K /N4 2R 97 x 68, FRIEAHXT R E X, B s RS2
JFEG RS R/ 0.1, JBET/ANBARTulE. REDN, 9¥R(K, BESA—, BUEEEZ, "R AR,
16 7% J8 3R XA A2 8 T/ B bRvuls, BT 2572 T/ B AR IAE H 3k — 25 oodk; [RIHE/E MaskRCNN #5574
i) Resnet B2 Z M4 NN SE JE 2 /7R CBAM Vi /iy, 75 B2 Rb o 22 (70 7 3 IV XV X 33k R 4iF

4.1. Squeeze-and-Excitation (SE);EE &R

X (shortcut)

@ | ReLu |

; .
|Global pooling |

sigmoid

Figure 7. The identity block module + SE attention mechanism in Resnet
[#] 7. Resnet B1#4 identity block &+ SE = /144!

WE 7 FroR, EETM4 resnet 4% 1) identity block Rtk rFT Ik 5 Ja — ANERUE S, A
SE VER NI, T2 it SE MHGRIOETE 48 T I RHE(S B . 20 identity block HLHLR J5 — 2R 1)
BREREMENNGFIE, 4EFE8(C, H, W), FHET Squeeze #:1F, 4 )= F#4ith1k(Global Average Pooling,
GAP)RE H HI W 4EE A —ME, BRI 4FAEZER(C, 1, 1),
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SRJ5 Excitation HAFFRRPIIREIER R, 2IERIZ R IIEE S RAL @ E S R C, e i
Sigmoid FRFIZI[0, 11MTEH. e afili & B ERS 2R R PRI .

4.2. Convolutional Block Attention Module (CBAM);: = f1i&sk

X (shortcut)

Global Max Pooling ‘ lGlobal Average Pooling} v
Conv2D
Concatenate

| Max pooling |

sigmoid Average pooling |

CAM SAM

Figure 8. The conv block module + CBAM attention mechanism in Resnet
8. Resnet FIAY conv block &1k + CBAM ;& H1#/l|

s 8 iR, ZIERJEY(CBAM), FLAEIIE A AI4ERE EEAT Attention. JLALEPIAS TR
Channel Attention Module (CAM)#I Spatial Attention Module (SAM).

o CAM ML SE, HEZ£ T 3471 Max Pooling JZ. Hin—Ff 22— (s B gmhis =, s 284
[iiTgE:

7E SAM 73 3CHL, ¥ CAM Bt AR AE BV E N A B A AR AE R . 5 S8 0i— 25T channel 1)
global max pooling 1 global average pooling, #RJF#iX 2 445K 3T channel fi concat #:1E. R4 —
MNEREEAE, 4N 14 channel. FE4:3d sigmoid 4 1% spatial attention feature. i /&4 1% feature FlliZ
Bt N feature Rk, 15 B A& RIHREIE .

WAREFE resnet 1) conv block FEELYE BTG Z RTH2 N CBAM #iH, HFEEKIKA T 1 MG & )R
Az () R A, B AR R HE RS 4 5 HOARAE . CBAM 45 # HL s st B i 18 1 7 015 R AN 2% ) v
S BAE—A block Z5ghHATIE .

5. IRBIMRIFMEFRBA G154
5.1 MRV BRI
AT R 2 RS, K HOR DL 9:1 MLLBIRI A IR RIS, SR 100 FRAE IR
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£E. W2 TRIIZALE mask_renn_resnetlO1 atrous_coco SEHTIAILERIE, 78 & T M4 454 RUR R IT I
CBAM JEE ML, RAIZEAME N 128, N K/ 1667 x 1667 resize 24 1024 x 1024 pixel, H
TR G2, ToU REECH 0.3, RPN RS KINEIS 7 BIE BN 0, Fe A5 AE i 45 15 %
300, fRAL#S KA Adam MIRALEE, SBRBOP KL E K 16 pixel. ¥I4H5 >34 0.0001, HIGIELE
17125 BB 2 /E A monitor, patience ¥ 3, factor 4 0.5, 4nld 9 Fon, #EARIZE 50 4> epoch, batchsize
BN 8o S SI R TR IEH] 0.0000001, 432K B B AR T OISl mZBEE] 7 0.007, LR T
BUFISIRCR, AP EIAE]T 0.778, FEEH .

, 0.8
0.3 '
‘ 0.6
02|
0.4
0.1 0.2
0 =0 oL —1 L
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Figure 9. From left to right shows the loss function values of Mask Rcnn + CBATM, and the AP values change with the
number of iterative steps

E 9. WEBIHMKR A Mask Renn + CBAM BIIRKE 1B, AP EREEEKSHAIETL

A ICAE Tensorflow MIRFES SIHEZL N, A TIPSR & LTS 1500, A SR I ZR4F 5 i
AU 100 A48 (1 (1) CINRAD F ik P S 2 BEIgEAT 1 00 DLVPAS R 1RV AR 7 o 78 AT IR B XU TR
S B (RAEAE 7 1E), RAA D BOCHERS BE R 27 Sk B & i 2 S, G #0A AT
BB VI UEANZ A RE J1VPAL o A SCHE AR Bde 1 2013 421 8 H 2 HRS oy A AEHE X 75 S A H
SAMAFIEYE; 201497 H L HMT7 A3 HAMIIX, 7 H4 Hifik, HuIX, FESENHE 13 MidE
PE; 2015 4E 7 A 14 HHEF, 7 H 24 HiER, 8 A 22 Hi&M, 8 H 29 HighH, FLAMH 11 MAF 5k
2016 76 H 5 HEgfH, 6 A 13 HrbH, 7 H 4 H¥&BH, 7 H 4 HrEPH, 7 H 9 HrgPH, 7 H 9 HgkH, 7
H 26 HEGFH, 8 H 25 HEGFH, LAt 13 AMAHHdE. 7 100 sk ik K, A 66 2R XEL R,
FopIERR A A1) B3 4, 1RA 11 A H BT S8, A 13 2. X batchsize, B R~FRN,
o) b, RS EESE EATROE, DA SRR VBRI R T E ARSI AT, ZEASIIHE Py SR
TIRASE], FrUeRE Yolovs [12]. Faster RCNN #EFT Unet ALY, 75 [7] —HE B0 45 _EiEA7 125 S ik,
FA Skt LAl Mask RCNN BEAL S B0 R0 . R kRN 5, S54Lbrrp/ NSRS MER SI55EH, L
WUIHERf 2 HESE, 25 I Mask RCNN 256 CBAM 7 Z ML 2 HUS T BB AF R

Table 5. Mask RCNN and other experimental indicators on the same dataset

%% 5. Mask RCNN 5 HE {th SR8 5 ¥R7E B — iR &E L XTEE

gL Bidl Loss AP RECALL WA EFER RIRFIR RIRAIR
FasterRCNN 0.003 0.761 0.694 71.3% 19.1% 28.7%
YOLOV5 0.036 0.350 0.400 65.2% 17.1% 34.8%
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BErsE 4

Continued
UNET 0.009 74.2% 19.7% 25.8%
MaskRCNN 0.071 0.771 0.656 72.3% 19.1% 27.7%
SE + MaskRCNN 0.074 0.746 0.712 73.9% 19.4% 26.1%
Cbam + MaskRCNN 0.007 0.778 0.696 80.3% 17.8% 19.7%

5.2. BB

Figure 10. From left to right
10. NEZARRZIRERTUNLER

Wl 10 s, XZHE T 2016 £ 7 /26 [ FE PH b DRI Fr B XU TR A BT, T DL mp R XUBR A T
I P )l b, e P T AR R TG S A U P A R4 AR DY 0.81, JRAEAIIAE
PG (170 T H B RUEE 1) BAR TR 2

6. BEMRE

AT CINRAD FHIETRINT, 7EH M A BOE AR SR T 2%, JF BAE TR A S 2 I 1 18] LR B
N2k AR [BRIX — HERHIE, S5 B ARSI B 7 F1 90U P 1) Mask RCNN 87, 7EIT R85 > 1 4
fili b, HATROH SO RN . 7E4 0T 50 A epoch ARG, BURLEUAS T UG IIIA RCR, IIZRI KR
o 8% 0,008, A 50 5K HUE A BN FEEAT AR I 1PAl,  HZRBIHER 0N 80.3%, iR
FIF16.7%, IFIF 19.7%, AIFRRALZALEE S RIF, REDE AR DL,

TR SCE B =, Bl A DL RS N TR RS R, REE N 2R R it R b, A
SRATAEA TP BRI A 52 3 LUK T IR iR RV S5 1R e bl 1 25 DX It B 855 DL K R TR AR b AT 2
ZEFPE, BEIVEAFALR —, DRMIE 7 AR TR 1A BRI SEFR TG DL BAR T IR . (HZ BEHE & T 1 52 3 DA
FREARKAR IR TE, 25 RE BIRE 7 21 W] O D B s N Ze A ie 5 5 24, £ LU TS, 5
Zk sl i N TAERT I B A B EdEATARIC, SR BB B Rt — 2P IR, RAWTIR TSR (A AN
o EIEE

ELWAB
VU RHHRITH (95 2023YFQ0072, 22QYCX0082).

DOI: 10.12677/ccrl.2023.123060 587 SR AT SRR


https://doi.org/10.12677/ccrl.2023.123060

BiraE &%

Sk

[1] AEE, kA, Kz, & FERERINRGSTEQ]. AR R, 2013, 24(1): 117-125.

[2] AT, BUK, BAEME, Tl BT UR BRI AR 4% 1 BE XU TR 0 BV [0]. 28 9 5, 2020, 39(1): 81-88.

[3] Troxel, A.S.W. and Delanoy, R.L. (1994) Machine Intelligent Approach to Auto Mated Gust-Front Detection for Doppler
Weather Radars. Proceedings of SPIE 2220, Sensing, Imaging, and Vision for Control and Guidance of Aerospace Ve-
hicles, Orlando, FL, 13 July 1994, 182-193. https://doi.org/10.1117/12.179602

[4] farer, HEERE, BEFS, EEN skt FEXEEE RN BRI 7], AR FHE, 2013, 33(5): 519-525.

[6]1 &3%, M, EO0Mg, LR, Rk o A b R B BRI e v R B 3D IRI ] MR RR, 2015, 34(2):
586-595.

[6] ¥oc, M, ik SETHCHRE MBI EIED]. RIRFBHE, 2016, 44(1): 1-6+46.

[7]1 Krizhevsky, A., et al. (2012) ImageNet Classification with Deep Convolutional Neural Networks. Advances in Neural
Information Processing Systems, 25, 1097-1105.

[8] Girshick, R. (2015) Fast R-CNN. Proceedings of the IEEE International Conference on Computer Vision, Santiago,
7-13 December 2015, 1440-1448. https://doi.org/10.1109/ICCV.2015.169

[9] Ren, S, He, K., Girshick, R., et al. (2017) Faster R-CNN: Towards Real-Time Object Detection with Region Proposal
Networks. IEEE Transactions on Pattern Analysis & Machine Intelligence, 39, 1137-1149.
https://doi.org/10.1109/TPAMI.2016.2577031

[10] He, K.M., Gkioxari, G., Dollar, P., et al. (2017) Mask R-CNN. IEEE International Conference on Computer Vision
(ICCV), Venice, 22-29 October 2017, 2980-2988.

[11] He, K, Zhang, X., Ren, S., et al. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR), Las Vegas, NV, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

[12] Redmon, J., Divvala, S., Girshick, R., et al. (2016) You Only Look Once: Unified, Real-Time Object Detection. 2016

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, 27-30 June 2016, 779-788.
https://doi.org/10.1109/CVPR.2016.91

DOI: 10.12677/ccrl.2023.123060 588 AAEAR I I i


https://doi.org/10.12677/ccrl.2023.123060
https://doi.org/10.1117/12.179602
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.91

	Mask RCNN-CBAM：基于双维度注意力机制的阵风锋自动识别研究
	摘  要
	关键词
	Mask RCNN-CBAM: Automatic Identification of Gust Front Based on Two-Dimensional Attention Mechanism
	Abstract
	Keywords
	1. 引言
	2. 数据集建设
	2.1. 数据集来源及分析
	2.2. 数据集标注及预处理
	2.3. 数据增强

	3. 基于Mask RCNN的阵风锋检测算法
	3.1. 模型整体架构
	3.2. 特征提取网络
	3.3. 锚框生成
	3.4. 损失函数

	4. 双维度注意力机制
	4.1. Squeeze-and-Excitation (SE)注意力模块
	4.2. Convolutional Block Attention Module (CBAM)注意力模块

	5. 识别效果评估和典型个例分析
	5.1 效果统计及对比评估
	5.2. 典型个例分析

	6. 总结和展望
	基金项目
	参考文献

