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Estimation of Significant Wave Heights from X-Band Radar Based
on ANN Using CNN Rainfall Classifier
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X : F3ll8 X-band #HoJths ©]§5t PSS sl A ¥ AxP|d) orX]E #Aste] o]Foixl
e 42719 sl AAG omRZEE 3 FFTE Atskar zdEE<=(Modulation Transfer Function)
= Folod RS FEI uebd ot guAR ASE f-oulue] AsEE X-band @Ot} ko] Al
el A€t 2020d oF EBiF vlolAtd stold i Al e <Rl SliRbel] X X-band #Holth FAR
W5 Folatare] exprt A WSSt ol HiE Ui Al 843 Festart ke ghE st ot EHE
=o] X-band ot} F2] F4o] #3= 7] wiitolth. Huo eaf WA o7k g Z97F AlSol ERlE)
£ Ao A= convolution neural network(CNN)S ©]-8-510] o]t} o]u|z| 2 8E 79 oR-E BF3laL 7-9-0 5o

= oy L FO

_{

ok 2w Sl 7hikslo] ARAEE folvhal akE daeEs vkl o5 Fall X-band #lolvh starAle] gt
EE A S AAET

MO0 : X-band oIt fo]utaL, WA, IEAEE, S3HAEE

Abstract : Wave observations using a marine X-band radar are conducted by analyzing the backscattered radar
signal from sea surfaces. Wave parameters are extracted using Modulation Transfer Function obtained from 3D
wave number and frequency spectra which are calculated by 3D FFT of time series of sea surface images (42
images per minute). The accuracy of estimation of the significant wave height is, therefore, critically dependent on
the quality of radar images. Wave observations during Typhoon Maysak and Haishen in the summer of 2020 show
large errors in the estimation of the significant wave heights. It is because of the deteriorated radar images due to
raindrops falling on the sea surface. This paper presents the algorithm developed to increase the accuracy of wave
heights estimation from radar images by adopting convolution neural network(CNN) which automatically classify
radar images into rain and non-rain cases. Then, an algorithm for deriving the Hs is proposed by creating different
ANN models and selectively applying them according to the rain or non-rain cases. The developed algorithm
applied to heavy rain cases during typhoons and showed critically improved results.

Keywords : X-band marine radar, significant wave heights, machine learning, artificial neural network(ANN),
convolutional neural network(CNN)
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Fig. 1. X-band radar images contaminated by the influence of rain drops (left) and clear X-band radar image without rain (right).
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Table 1. Specification of X-band radar system

5t ANN 7|WF X-Band @lo]t} -2k B3

103

RPM At

A6

Maximum range Record length

42 1.42 sec

0.3°

2.33 km 183 or 366 sec

Fig. 2. Location and observation range of X-band radar (Gangreung Anin beach).
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Fig. 3. Model structure of CNN rainfall classifier.
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Table 2. Data for training and application of CNN

Data period 2019.07.01.~2019.10.03.
Train Set Total 7,783
Data ratio Rain sample 3,422
No-rain sample 4,361
Application Set Data period 2018.11.23.~2020.09.20.

Label data

Gangmun AWS 1-minute rainfall data
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Table 3. Results and accuracy of classification
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e A B ARFE Ui kel e E ARk 2t
ol 85 dlolel ] U ARE FFeIlom of= A &
A 252 oF 8% g =olth,

o a1

Number of data

Percentage (%)

True Positive (TP) 13,002 16.3
False Positive (FP) 4,519 5.7
False Negative (FN) 316 04
True Negative (TN) 62,006 71.7
Total population 79,843 100
Accuracy IP + TN = 75008 93.9

Total Population 79843
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Fig. 4. Time series significant wave heights (Hs) for ANN1 and ANN2 with the reference buoy.

Table 4. Train information of ANN1 and ANN2

Input parameters

Signal, Noise, SNR, Tp, Pdir, Ws, and
Max/Min value of each parameter for past 6 hours

ANN Equal i | li ithi
. qual mterval sampling within
Sampling 2019.01.01.~2020.07.31.
Signal, SNR, Tp, Ws, and
Input parameters Max/Min value of Ws for past 6 hours
ANN2

Sampling

Local Max/Min sampling within
2019.01.01.~2020.07.31.
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55 Result of ANN: No Rain cases
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Fig. 5. Hs results for no-rain cases.
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Fig. 7. Hs results of the old algorithm.
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55 Result of ANN: Rain cases

ANN1 7/

Hs(RADAR) [m]
- N w IS
3] N 3] w 3] N 3]

-
T

Hs(Buoy) [m]

Fig. 6. Hs results for rain cases.

55

Proposed(ANN1 & ANN2) i
ST y=X Ci—

R? = 0.90 -

w >
w o S [4,]
T T T

Hs(RADAR) [m]
N
[4,]

Hs(Buoy) [m]

Fig. 8. Hs results of the proposed algorithm.
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