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Abstract

Accurate regional precipitation forecast has been a very important issue in the field of meteoro-
logical services. The goal of short-term rainfall forecasting is to make accurate and timely predic-
tions about the intensity of rainfall in local areas in the short-term future (e.g., 0 - 6 hours).
Weather stations can issue emergency urban rainfall alerts and provide effective flood prevention
information by integrating the predicted short-term rainfall data with the observed weather fore-
cast meteorological data. In this paper, according to the surrounding historical rainfall data of au-
tomatic station detection and weather observation area of different heights above the Doppler
radar echo extrapolation figure, we proposed a rainfall prediction model based on the deep
learning method. Proposed model is based on 3D Convolution Neural Network, the established
network model was applied to the regression problem of the rainfall forecast, use the appropriate
index to evaluate the accuracy of model under the high precision of short-term rainfall forecast in
a particular area. Through experiments, this model can accurately predict the short-term rainfall
over the region. With the experiments under different network structure, the root mean square
error of predicted value and observed value is below 6. The training model predicts stability in
weather station data throughout the year.
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A 2R AL AR B S5 . BOBI B RN B /R W] R BEA IR, L 1 T Fr SRR BB A
LR AT KPR, X S T LA rh s Sl iy 94 52 2= /K B kAT T [ 6]«

Takasao 1 Nakakita 2 H 1 45 3 [ Y Tl A5 A & 5 T 2 A 380 F et 2 1P ok W A 28 o 2 BB PR R P 7 0 I At
=4 Ai (5 B A KIS KA, TN R 70 AR 72, A Re, T BN o 45 2 By
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BN, AR R B A7 M S B RGBSR, E R AE TR R O B R PN AR R L, R S TR
MaE RAFEE RBITEDL9].

AR B /K PR AL R ORI LAy s, RIJE T80 7 KA Hidk (Numerical Weather Prediction, NWP)
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Figure 1. The timing and height of radar data
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Figure 2. Dataset rainfall distribution
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2RI 1A T TS Y o AT T 12 1Y 2% (LS T )d i 7 2k [l g P I 1) 55 2 4 PR 4t A0 i /7
BRREAE , 0T 28 1 B PP AR JEAT $REH o AR SOXT 3D A5 AR 28 I 2% 11 1) 2% 25 K ik — 20 (R4E 24, file LSTM
AL TCH Y 16 B ) A (DR A SR URRAE , 3L 39 1) B TR HOR R IE MR B0 2 MR AE A B, SEBL 2 4 FERRAE
IR G AN RS B IR
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BRI I 2 L5 AT 2R R R E RS S0, W& 26 3D B2, BRI RS =407
i, TREZEAE 3D WibE, SN EEEE— R R B PSR FEAKRNS. BRE.
WAL, SERZ, BEOE 323D ERE. 32 3D LZ BRI M BR, i 26 1t B30 ok 5
(Rectified Linear Unit, ReLU)E H0E R EL . ELARI 28 A 25 0 F % 2 280 ] 3 B o

DL 3D BREME—Z C1L A, Cl B KNR2 x 7 x 7, BRUZILIERT 508 32, BN
32 NERUZL, I RS AR ANRRE AR X R E M, B RS A R 32 ANRRIER.
PRIRAERT, f5k b 7 20 RAE, SRR AN, BRI AL AT 32 SKAFMEI, b5 it 32 ik
TAGIER AR A 5 20 HE R AR MR A Dy 0 H R BRI AR G, B it il 2 A 3], b T B A4 )2
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K4 A 12 4% (Long Short-Term Memory, LSTM)JE T-1fF P 4412 X 4% (Recurrent Neural Network, RNN)
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(KSR ] A, BB 1 38 1 I TR AELE AR 0 2R o B AN AR ATTAE I I B, AR wiT B 5 2 i 15000 A
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LSTM 50 Rl H AL 5 B (749 0545 6

T A B B SR R VA g, Tk R AR AR AR B I RR AR, H xS B x HEB N
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LSTM 0, K ML 3B EE S T 2474 N, LSTM H a1y AUd i [ 145 M il 15 B i & 3 o 5
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15 B IR R R IR TALE, 5 50k BTN TG 5% FRARFAEAS S5 000 4 20 . R R ALK A LSTM #70 H
T H Ik RS R SR ] 4 s

I FIA LSTM HInH 7 F 5 [ s AE IR I 2, BT 3D BRI M N 241, 1EH=
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Figure 3. 3D convolution neural network model structure

3.3D BRMEMERRLEH

DOI: 10.12677/jisp.2018.74023 205 g 5155 4k #


https://doi.org/10.12677/jisp.2018.74023

LSTM —— LSTM —— LSTM |— — — LSTM

Figure 4. LSTM Unit based on time series
4. LSTM B JrhT[E] 344 E

I I
! SDONNARER |
I I ]
| I J \\
| I = | |
Ll s .i‘? o HHEEE LSTMIE SR ‘(f .
: BN | SOxaxdx64  |SOx64XIX16 P \
\

I \ I \
| S0 O I | _ i | A\
I O N I I IsTMETT \
| KN .. [ I [ N
l N | : |
| 50 .ih N | | |

2 3 [ I \
: T \2_\ 3\ | | ISTMEITE
| ~RaA \ [ |
| 50 ~ NN | | |
| ,0,.. \ [ |
| - | | | Dropout
| e e P I | I
' 50 = 7 ‘ ! sTMETT |
L - : : :
I , 7 [ : \ -
I [ \
| 50 /// \ : \ /’r
| | |
| /, NN | | I /
| i, .. ! ! ISTMEST | /
| 50 7 | | L
I 2. : ‘ ! N .’j
: 1 } b ______N /
s ! —

3DERE 3DILE LSTME eiERE

Figure 5. 3D-CNN and LSTM units Network structure
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SEUGR FH HIE 2488 Ubuntul6.04, CPU AbEEZR 25 4 Inter (R) Xeon® CPU E5-1620, 47 3.5
GHz, F GPU ‘5 NVIDIA Quadro M4000 277 8 G, CUDAS.0 fil cuDNN5.0 JF47 SR, 58 2
21 FHESEN Theano (Lasagne). SE3RIE AN [A] )&% R S) Conv3D XTEE, A Adam HRA BB il
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Figure 6. Overall flow chart of training and testing model
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290.001, bA21%0.01, ¢ FEIE N 0.1,

4.3.2. HEREIFHEE
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Figure 7. Comparison of training loss with different learning rates

7. FEIZIFEMINLIRE Loss LEER

Table 1. Different convolution kernel sizes

F 1. TREBERRR TR

P 2 25 1) E2 BRI AL
Conv3D-a Q2xTXxT)-2%x5%x5)-2%x3%x3)  (2x2x2)-(3%x3x3)-(1x3x3)
Convl + Pooll + Conv2 + Pool2 + Conv3D-b (2%9%9)-2xTxT)-2%x3x3)  (2x2x2)-(2%x3x3)(1x3x3)
Conv3 + Pool3 + Fcl + DP + Fc2 Conv3D-c (B3x3x3)-(2%x3%x3)-2x3x3)  (2%x2x2)-(2x3x3)(1x3x3)
Conv3D-d (2X5%5)-2%x5x5)-2x5x5)  (2X2x2)}-(2x2x2)-(2%3x3)
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Figure 8. RMSE trend of the model under different convolution kernel sizes
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Figure 9. Dropout layer add to the network structure
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Figure 10. Different gradient algorithm and Dropout layer training loss
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Table 2. Comparison of different LSTM units

2. IN[E LSTM B Txttt

50
Epoch

(b

T
100

I 24 25 44 LEIPANETE=s LSTM i s f= i =

50 x 1 x 128 x 8 8 50 x 1 x 128

50 x 1 x 64 16 16 50 x 1 x 64

3D CNN (Conv3D-a) — LSTM

Layer — Fcl + DP + Fc2 S0 13232 32 S0 1x32
50x1x 16 x 64 64 50x1x16

50 x 1 x8x 128 128 50x1x8

DOI: 10.12677/jisp.2018.74023 210 g 5155 4k #


https://doi.org/10.12677/jisp.2018.74023

RE F

7.0 1

25%~75%
—— Median Line
A Mean value
6.5 A
s s
1T / -_ |
E T =
A 2
1 —)
6.0
T T T T T
8 16 32 64 128
LSTM Unit
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