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Location of Typhoon Center Based on Multi-Scale Mosaic Mask R-CNN
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Abstract Accurate automatic detection of typhoon eye position can provide a priori information for typhoon forecast
and monitoring research to reduce disaster loss. Due to the variability of typhoon morphology, it is still difficult to locate
typhoon center automatically. In this paper, a R-CNN method for typhoon eye detection based on multi-scale mosaic is
proposed with typhoon satellite cloud images. More than 5000 typhoon satellite cloud images released by Japan
Meteorological Agency from 1981 to 2017 are collected. The typhoon eye in the image based on the contour curves of
the eye wall and the clear brightness difference between the inside and outside of the typhoon eye is segmented. The
original image is divided into multi-scale typhoon cloud images by multi-scale estimation algorithm of typhoon eye
radius, and the training set and test set are integrated. With the help of multi-scale image mosaic, hyperparameter
selection and multi-condition test analysis, the overall algorithm framework of detecting and segmental typhoon eye
using multi-scale Mask R-CNN model is constructed, and multi-scale comparison experiments are carried out. In the
self-built calibration dataset, the identification accuracy of typhoon eye is from 88.36% up to 92.63%. The average
detection time of each image is at least 0. 043 s, the minimum mean square error is 2154, and the maximum average
crossover ratio is 0.9454. The experimental results show that the proposed multi-scale mosaic data augmentation
method has the best effect in large and medium scale scale fusion, but is poor in small and medium scale fusion.
Compared with the existing main data augmentation methods, it can improve the accuracy of neural network more
effectively. The comprehensive efficiency of the whole detection model in typhoon center location is better than other
deep learning localization methods.
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Fig. 1 Model architecture diagram
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Table 1 Scale division of typhoon eye

Level of scale Radius size Number of pictures
Small r<_1.43 1467
Middle 1.43<r<C1.90 1467
Large r=1.90 1466
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Fig. 2 Original labeled data. (a) Sample 1; (b) sample 2; (¢) sample 3; (d) sample 4
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Table 2 Universal hyperparameter settings

Hyperparameter Value
NMS-thresh 0.45
Score-thresh 0.5

Maximum iterations 40000
Model checkpoint 2
Learning rate 107-107°
Weight decay 5X107*
GPU number 1
Input size 128 X128
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Fig. 4 Satellite cloud image data. (a) Sample 1; (b) sample 2; (¢) sample 3; (d) sample 4
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Table 3 Results of multi-scale experiments

Scale combination Number MSE Mean MSE ~ MIoU  Mean MIoU MPA  Mean MPA FPS  Mean FPS
Master model 1 3802 0. 9086 0. 8959 20.4
1 2154 0.9454 0.9263 17.1
Large+Middle 2 2981 2554 0.9384 0. 9421 0.9170 0.9218 23.3 20.6
3 2527 0.9426 0.9221 21.5
1 3290 0.9322 0.9098 19.4
Large+Small 2 3747 3415 0.9270 0.9313 0.9061 0.9115 22.7 21. 4
3 3208 0.9348 0.9186 22.2
1 3685 0.9259 0. 8836 20.8
Middle+ Small 2 4761 4176 0.9151 0.9151 0.8908 0. 8896 19.8 20.7
3 4082 0.9044 0.8944 21.5
1 3125 0.9187 0.8968 22.1
Large+Middle+ Small 2 3588 3355 0.9221 0.9222 0.9047 0.9043 18.7 20
3 3351 0.9258 0.9113 19.2
a2 RERUIR 73 ) 25 58 %) 1
Table 4 Comparison of wind eye segmentation results at different scales
Model MIoU?® MIoU" MIoU" MPA?® MPAY MPA"
Mask R-CNN 0. 8880 0.9145 0.9233 0. 8830 0.8831 0.9216
Mask R-CNN+ Proposed multi-scale mosaic 0.9305 0.9469 0. 9489 0. 9090 0.9197 0.9367

YR EE . 18 5Ca) (b) () (d) 7Bl oR T BRI X &
RPE 54 (2018 4F 55 20 5 B XOTE8 A 21 H 6.9.12.15
T A PR XUHR P 45 2R o 7 A s s od 4 o
i, 5 UXUR B 3R E B 5 0 o I8 31 92. 6300, - 1 4

5 TR B AGE 0 B[] e RS B 0. 043 s B Blg gt o0 465 462
TR ARG 0 E 1 R 2 15 B ALHF B B2 7T, BE VE B DL A
Iy 0 XIR H AR o

B 5 K e R () FEAS 15 (D) FEAR 25 (o) BEAR 35 () FEA 4
Fig. 5 Sample drawing of detect results. (a) Sample 1; (b) sample 2; (c) sample 3; (d) sample 4
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Table 5 Experimental results of each data augmentation

Data augmentation

Model MSE MIoU MPA FPS

method
3802 0.9086 0.8959 20.4

Proposed multi-scale

. 2554 0.9421 0.9218 20.6

Mask mosaic
R-CNN Cutout 5373 0.8569 0.8247 22.8
CutMix 4006 0.9135 0.9061 17.0

mosaic 3249 0.9207 0.9074 15.4
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Fig. 6 Loss function figure of Mask R-CNN model
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Fig. 8 Deep learning method for locating typhoon center. (a) Faster R-CNNj; (b) YOLOvV3; (¢) Mask R-CNN
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Table 6 Comparison of location accuracy of typhoon center

Mean error Mean variance
Model - - - -
Longitude Latitude Longitude Latitude

Faster R-CNN 0.31 0.26 0.055 0.046

YOLOV3 0.28 0.25 0.043 0.039

Mask R-CNN -+ Proposed multi-scale mosaic 0.17 0.19 0.028 0.025
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Fig. 9 Fitting diagrams of real coordinates and segmented coordinates of model. (a) HAISHEN; (b) VAMCO

1010009-8



£ 605 % 10 H/2023 £5 A/HASBFEHE

T DREIIMEBRBZS R DR RLZE 1~
2km, DE KR R REILMEEM 2552 55
10 km ZE AT R 2200, b S U Z S di iR 2% .
— % B8 B ARG I B Sk XU HR TR B AS g 4 4, Rt RE A
WER K, MMNIUELERERE 45 A it 2 R
X 1) Mask R-CNN 7£ 5 KU @ i bR 250/ &
O FEECE  REfg T TR = B b B R0 BE AT A R0R
SO FIORG o 2 A7, BRASHAR G R 3R

5 % 1

R FE 3 TR BE 27 > v b s i 3k Bk 1 3l 4
SBURRAE Gz 0 5 07 e A3 HE B O D3 A e i £ XUXUR
A I o7 A R 0% TR K 22 R R ik T 05 N T T
= B B XURUIR (8 T8 5 2 T A I 7 vk w7 5 KU
o A RURUHR A 0 % 57 J7 ¥ BEAT TR BRI BIE, 20 Br
e gt 19 5 WUXHR A I 07 756 O BEAT AL S 36 R TR =
P RICHE 5 Al I Ak L A o 5 6 O s ) 5 4 9 P e ST
Uy (4 B B BT E— PR B9 R0HE 55 07 56 R JT B KUK
AR sy SR X e T A o MR T SR D o R a8
Mask R-CNN - X [# 26 #5085 3k 4746 2, % KU 23 1 72
R HEAT (7 ELIL SR , 500 25 SRAE 45 VO 45 b P AR 3R AT 4
N R SR AR T BT R AT AT I

2 % X #

(1] 3%, XVIEG, ZRuk, X2k . 5T RiR L5 = KA
R 5 RUE Bl A 3k [T]. REER 2 2% 3k, 2005, 38(5):
437-442.

Zhang J, Liu Z G, Wu B, et al. Algorithm of eyed
typhoon locating based on single infrared image[J].
Journal of Tianjin University, 2005, 38(5): 437-442.

[2] Dvorak V F. Tropical cyclone intensity analysis and
forecasting from satellite imagery[J]. Monthly Weather
Review, 1975, 103(5): 420-430.

[3] Creasey R L, Elsberry R L. Tropical cyclone center
positions from sequences of HDSS sondes deployed along
high-altitude overpasses[J]. Weather and Forecasting,
2017, 32(1): 317-325.

(4] XNIESE, BR#EWT, Rk, 5 2T TR =B ILIR A X
b RE ALK [T]. KR A 54, 2003, 36(6): 668-672.
LiuZ G, QiuH M, Wu B, et al. Center locating of non-
eye typhoon based on satellite cloud image[J]. Journal of
Tianjin University, 2003, 36(6): 668-672.

[5] &Fetk, 25, 297, &5 FIHT IR R 180 5 i
5 WAL AAELT]. 25 BIRR72A 4, 2018, 38(4): 508-516.
Lu Z X, Li X, Li J N, et al. Reconstruction of the
typhoon center and wind speed distribution using HF sky-

(7]

(8]

[10]

[11]

[12]

[13]

[14]

[16]

1010009-9

wave backscatter spectrum[J]. Chinese Journal of Space
Science, 2018, 38(4): 508-516.

/b L BT GE S PR R AR S 2 1 SAR AR H R
P E AL FSE (D] VS 2 V5 % BT RHE R, 2016.

Jin S H. Center location of typhoons in SAR images

based on visual saliency and feature learning[D]. Xi’an:
Xidian University, 2016.

RS . LT IR Y 3 UL A5 b s A 7 B RIE S
[D]. My /R 8 My /R B Tolk 2%, 2018.

Jiang Z M. Research on typhoon recognition and
centering based on remote sensing data[D]. Harbin:
Harbin Institute of Technology, 2018.

TGRS . T 2 IR AR U 1Y 5 XUE L7 1 L BT 5
(D] Jbat: [ S PR B o, 2020,

Wang X X. Comparative analysis on typhoon center
location methods based on multi-source satellite data[D].
Beijing: National Marine Environment Prediction Center,
2020.

Wang E K, Wang F, Kumari S, et al. Intelligent
monitor for typhoon in IoT system of smart city[J]. The
Journal of Supercomputing, 2021, 77(3): 3024-3043.

Tan C. TCLNet: learning to locate typhoon center using
network[C]/2021 1EEE
Geoscience and Remote Sensing Symposium IGARSS,
July 11-16, 2021, Brussels, Belgium. New York: IEEE
Press, 2021: 4600-4603.

DeVries T, Taylor G W. Improved regularization of

deep neural International

convolutional neural networks with cutoutEB/OL].
(2017-08-15)[2022-01-05]. https://arxiv.org/abs/1708.04552.

Inoue H. Data augmentation by pairing samples for
images classification[EB/OL]. (2018-01-09) [2022-02-
05]. https://arxiv.org/abs/1801.02929.

Zhang H Y, Cisse M, Dauphin Y N, et al. Mixup:
beyond empirical risk minimization[EB/OL]. (2017-10-
25)[2022-02-05]. https://arxiv.org/abs/1710.09412.

Yun S, Han D, Chun S, et al. CutMix: regularization
strategy to train strong classifiers with localizable features
[C]/2019 IEEE/CVF
Computer Vision (ICCV), October 27-November 2,
2019, Seoul, Korea (South). New York: IEEE Press,
2019: 6022-6031.

Bochkovskiy A, Wang C Y, Liao H Y M. YOLOv4:
optimal speed and accuracy of object detection[EB/OL].
(2020-04-23)[2022-02-04]. https://arxiv.org/abs/2004.10934.

BRI, &R, W7 SETIRE Y I 1 SAR KR
fiy AR N £ [T, WOt 556 oA Ub &, 2021, 58(4):
0400005.

Hou X H, Jin G D, Tan L N. Survey of ship detection in
SAR images based on deep learning[J]. Laser &.
Optoelectronics Progress, 2021, 58(4): 0400005.

International Conference on


https://arxiv.org/abs/1708.04552
https://arxiv.org/abs/1801.02929
https://arxiv.org/abs/1710.09412
https://arxiv.org/abs/2004.10934

	1　引言
	2　Mask R-CNN基本模型及改进
	2.1　Mask R-CNN模型
	2.2　台风风眼半径多尺度估算方法

	3　多尺度镶嵌
	4　实验与分析
	4.1　实验环境
	4.2　评价指标
	4.3　实验数据
	4.4　对比实验

	4.4.1　尺度镶嵌对比
	4.4.2　数据增强对比
	4.4.3　台风中心定位对比
	5　结论

