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Table 1 Structure of SRCNN

T farth R 3ler
Layers Output size Filter
Tnput 33X33X1
Convolution 25X 25X 64 9X9
Convolution 25X 25X 32 1X1
Convolution 21X21X1 5X5

SRCNN J5 % i i # & 78 LINUX it % 4% L i
TensorFlow fEZR 3471138, TensorFlow 124 ¥ A HK

(Google Brain) [ BA FF & B 5 —ACHLAS % ) R4,
B W 25 NVIDIA GeForce GTX 1080Ti
PRI AR S TR E. RS Em
BWEWFE 2,

%2 SRCNNHEBHIRE
Table 2 Parameter setting of SRCNN method

21 Parameter E Setting

Epoch 15 000
Batch size 128
Image_size 33X 33
Label size 21X21

Learning rate le—41

Stride 4

o+ B PTEREASBE I 4k k. Epoch: The number of training
sessions

* {EE TN YRR & BRI L, Batch_size: The size
of batch images

* RIB RSP A P ESR GEFED B 3R#% . Image_size: The size of image to
use

* PR FRZE UM . Label_size: The size of label to produce

* R BETEE TS ZE, Learning_rate: The learning rate of
gradient descent algorithm

% E0E BT Bh 8 . Stride: The size of stride to apply input image

3 oI AERAL BACR

X TR T i AL SR TP SWH 23 22 52
R ZIHA TS5, 43000 2011 4F 1 H 29 H 18 i Al
31 H 6wy SWH 3. [ 2 F1 3 5l Jrn 1 Pk sE s
AR HER s 0 B R SWHL I 048 b 05 12 9 Ak PR3
£

5t B SWH AL PURN 5 75 e 20 R
Ak PR SRAE 25 6] o3 A B B 05 T R B A AR R A A
AR S5 Bt SWH 73 A3 3 7l 5 1 ] LA s X = IR 4 1L
Kriging ffi {61 SRCNN P-~J7 28 4 45 5L 1 e 1 2 2

AR5 87 » SRCNN_1 g5 R ania] 2Ced | 3Ce) B
s B B B B RS H . SWH 3545 7 8 Sk A 4
AT ¥ . 1X R PR O v 0 A DI 2 A T B A
HHALESLR SWH Sl it BUEE g 0~255 %
Hr.im SRCNN_Z B ARG s g 1 — a1 X
LA TR R EIE S AR SWH 8 R
[EIF i
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PSNR,RMSE,COSINE > L% 3) - PUfJ574HY SSIM J3EMEE AEPSNR EH T EAIEEAEES - RMSE
FICOSINEPA IS ARAHZE R K, 45 SRR BET 1, 1A F5 7751 , Kriging FISRCNN_ 25 {£ » B & & FH Ak
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PRFPELE 1B Kriging fISRCNN_2 757 AR 1R 7=
ELfe/ N R ZESERE{EX0. 01 m/Efs  {H/2 T Kriging
J772EN TR ER ZI SR a2 e i T R &
PEAAER AL B T I 1T B ES E B A A
A T SRCNNEY T AE YIS — DI 2~ f5
T DU A B A B % AR [E R S Y SWHE
FIABENFR U Z B KRS TiTE
R AP KL E A EGEIAE

R » 55 T3] T AR RO S = o R AR e R 27

MEDHEIRGER B, Kriging =4 5 P SRC-
NN BUEHS Al DS ENREG A S o PR e R HIHE T
Z4EHYBIcubicEDE  TTITSRCNN_ 219 & MEFRERE
PETFSRCNN_1 FHIASIN F-SRCNNITAN IS H
BHEAVFETHEER SRCNN_24E 5 Kriging /77250054
FESHTATER T ARRHER T HERT BRI E & JAEER
EHRSPEREIER FREF ] I AR A E SR

3

3
Table 3 Index of SWH high-resolutions results
- BcubJ KrJging SRCNN 1 SRCNN 2
Index L — SLEG L — S8 L — LA g — LA
SSIM 0.97 0.98 100 0.99 0.97 0.96 0.99 100
PSNR 31)82 30)85 45)51 41)18 35)13 34)56 38)67 36)81
RMSE/m 0.03 0.04 0.01 0.01 0.02 0.03 0.01 0.02
COSINE 0)9986 0)9991 1)0000 0)9999 0)9994 0)9996 0)9997 0)9998
4. 2125 AU Y Kriging T ARV EE AL (LEIS b RS

AW E T E— SR ZE HREEMHITA
Frisp iR 2R A i/ ME (224 Stk R EdE T
5 B S IMb TR 72277 1, BicubicElZ  Kriging
FUEFISRCNN_LFATHT , SRCNN_23 R_ LXK =
MEE AESHBRRIIRZE SR LXERE
SNKriging®E (g 7R 1R 72 bRy N H HAF FRER f1 19 4A
AR AN 2 23 A AR 2 SRCNN _ 24(LEL
SRCNN_14 7 #— Pyl Hth=fpJ57AHHEE
SRCNN_2# 45 SRAE AR B R AR LT 53 A e i 5E 5L
A

e 3
Table 4 Max error and min error of SWH high-resolution

BRIRE ISUNES:S
U Maxeror/m MJneror/m
Method
SR — SR S — S
Krgdng 0)0629 00671 _ 57 5 —0)1607
SRCNN_1 0)0576 00659 —0)0775 —0)1036
SRCNN 2 0)0475  0)0411 —0)0565 —0)0671

P IR ZZ Y 22 (B 3 AR AR [ AR5 57 5]
R T AR SRIG I TR ZZ AT I3 IRZE AT

TR ETHRIE H %A PIRISRCNNELART R
FE A EER AT 5 BicubicELE —F  (HiR 22 5 B
/NT-BicubicEijz: SRCNN_2FESRCNN_1HyiRz%
534 fI1#9/5) Bicubic: SRCNN_1FISRCNN_23X =
MOT AR 5 5740 S AR R SWHIZI Sy 52

QYN=XAHE (b) krigingf@i{E(c) SRCNNJTZ— (d) SRCNNJTZ
— ~ (a)Bicubic interpolation: (b)Kriging interpolation: (c)SRCNN_1:
(d)SRCNN_2))
B AL —RER TR
FJg)4 EstmatederordstriJbutonofthefrstexperment
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Fig)6 Theresultsofdiferentinterpolation
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Abstract

Weather Forecasting, this paper utilized traditional Bicubic interpolation, Kriging interpolation and two

Based on the significant wave height dataset of the European Center for Medium Range

improved super-resolution CNN (SRCNN) toaddress the downscalingof ocean data. Several evaluation
indicators, including Peak Signal-to-Noise Ratio (PSNR), Root-Mean-Square Error (RMSE), Structural
Similarity (SSIM), Cosine similarity, were used to compare the high-resolution processing effect of vari-
ous methods andthe characteristics of error distribution are also analyzed. The results showed that the
improved SRCNN method (SRCNN_2) is an efficient interpolation method in terms of overall effect,
detail effect and computational efficiency, which is a successful application of deep learning method in
high resolution problems of physical oceanography. However, the SRCNN method still needs to be im-
proved in the processing effect of offshore significant wave height data.

Key words: significant wave height; bicubic interpolation; Kriging interpolation; super resolution con-

volutional neural network
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