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Medium to long term regional precipitation forecast
for debris flow disaster prevention using deep

learning models

Abstract

This research aims to establish an artificial intelligence deep
learning model for precipitation prediction to supplement the debris flow
disaster warning system. The regional weather forecast of Windy
websites (the ECMWF and the NOAA’s GFS model data), the local
weather radar observation information in Taiwan, the historical
precipitation data (in the influence area map of the debris flow disasters
and large-scale landslides) will be collected and applied to achieve this
goal. The deep learning precipitation prediction model will utilize neural
network algorithms, such as CNN, RNN, and LSTM, to generate
precipitation prediction/forecast for hours to days. This research has three
objectives. The first is to provide more operation time for debris flow
disaster prevention actions other than just 2 to 3 hours at present time.
The second is to have an early warning for debris hazards forecast in the
next ten days. And the third is to make suggestions for medium to long

term water and soil resources conservation and planning for authorities.

Keywords: Deep learning models, Precipitation prediction, Radar

return, Medium to long term weather forecast.
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input_43 (InputLayer) input (None, 12, 233,416, 1)
output (None, 12, 233,416, 1)
)
conv_Istm2d_145 : input (None, 12,233, 416, 1)
ConviSTM2D output (None, 12, 233,416, 1)
v
batch_normalization_100: input (None, 12, 233,416, 1)
(BatchNormalization) output (None, 12, 233, 416, 1)
v
conv_lIstm2d_146 input (None, 12, 233,416, 1)
(ConvSTM2D) output (None, 12, 233, 416, 1)
v
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(BatchNormalization) output (None, 233, 416, 1)
v
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ConvLSTM2D output (None, 233,416, 1)
v
activation_24 (Activation) input (None, 233,416, 1)
output (None, 233,416, 1)
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2N

Ik

fi

latest 3days> # 2 p OFF DIz AfFR E H- T 5T c Fa &

ETTRS

® - * 000 #% o+ & F & - 5 -99800 % 7 & o7
RAIN=MIN_10=HOUR_3=HOUR_6=0.00 -

ARy % Python P 3T o o2 APL T U xml 4% > F1F & &
kp Windy dhf 3 EBEE > ZebRikag 27 ER L9
10 » 487 JEB~— =t > F]pt £ * elementName #§ = ¢ v MIN_10(10 »

WAMAE) F- PP 3 UNBEFHE T A E A

2R e
AP R Windy chf %3 E RGBS E K p T RE R
Thzphagd-a ERRATHNI0OLHE] fFa £ 75 T H

p
g e ESHOF $ RGN LD fAa BB e

H:

gn"gﬁ » iE B A TR g LA
i TR B35 4F Python request £ 27 fed o & L S4B

A,
R L R RBREIFRFTREE T A2 pFa E koA FRT

\4

s
FLE B xml TR o £ i xmltodict £ # &2 xml FAL > FBH ¢ o
Ghlon~lat 22 1048 %% € MIN_10- 5 - > xml 4% P #
mB-d 1125 3 kg A Rl MIN 10 o

AT gR* LA EFGHE R BREDR ETREFRE
BEASE AL AL HRERS B FA e Bt R a g
FEf R E A > L (S B LRF IR PR B G 1
LR AT RT A I B % h s o s &2 (Kriging) ~ LR 2 R A
Wieita 2 F A I%E E(Inc, 2017) » W E S L 3 BN 2

— o E (M etal)Bit bk o % EHF I BER T TEPEERE T T
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P ITHELZATTE 27 IRBPHEHFBLCREDIE B
RUEFJI* 2B BFE BB E N B3 e A § % s
flémes> 23 =24 ~5l5  §@ wfl4& (Ordinary Kriging) ~ 45 #
.41 £ (Indicator Kriging) ~ 2 & 5. 1 £ (Co-Kriging) - Windy i -
Ry FHAT L2 PFIGPOF RTETHE AFLRY F RN

Brehis BB T o

B 4-1:41% Windy #7# B~ % F 2 £ o 342 % R - LukaCovic
(2022) -
o8 FREYVRAE: BVRE R BTN
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P fe B TR A2 - A 48" A& £ F LS 4 python request % £ > &
L) ek B R o B xmltodict £ & A 45 xml A E ¢ i
= > FE P4 lon, lat, MON_10 o #-#7:% & i =2 % 5 dataframe » &
RETF A CSV AH 0 £ EAhEx B3 google colab o i€ 2% ek Ak 2

GPU & 73" o

import glob

import xmltodict

1mport json

import pandas as pd

1mport numpy as np

import matplotlib. pyplot as plt

data_list = glob. glob( datasets/tw-rainfall/*. xml )

for filename 1n data_list:
lat = []

with open(filename, 'r’ ) as f:
data_dict
xmltodict. parse(f. read())[’ cwbopendata’ ][’ location’ ]
for d in data_dict:

lat. append(d[’ lat’ ])
lon. append(d[’ lon” ])
value MIN_10
float(d[ weatherElement’ ][2][ elementValue' ][’ value’ ])

1f value MIN_ 10 < 0
value MIN 10 = 0
MIN 10. append(value MIN 10)
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df rainfall = pd. DataFrame(
{"lat’ : lat,
"lon” : lon,

"MIN_10" : MIN_10}

df rainfall. to_csv( datasets/tw-rainfall/csv/’ +filename[?21:
-4]. replace(".", " ")+ .csv’,
Index=False)

P T L AR ERIERAEE EL) XTI B
& % F > (0,3), (3.1, 15), (15.1, 40), (40.1, 80), (80.1, 200), (200.1,
3000) » FIE WG E > FIMKRLEBRFOERBERVSE > L ESEF
AL Bl edrBEY 0y (P RO E IR o

B TR R BN R A AR Y SRR 0 N
FEUNEBL  ARBERY LA EFEE 2 Z U & ERE

7}’3"‘*—;‘“] =2l éﬁ m,ql E‘;{ IE," }ﬁg]

import plotly. graph objects as go

import pandas as pd

df = pd. read csv(csv_1list[72])
limits = [(0, 30), (31, 150), (151, 400), (401, 800), (801,
2000), (2001, 30000)]
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colors = ["royalblue", "crimson", "lightseagreen", "orange",
"lightgrey", "black"]
fig = go.Figure()
for 1 in range(len(limits)):
fig. add trace(go. Scattergeo(
lon=df[’ lon’ ],
lat=df[’ lat’ ],
marker=dict(
size=df[’ MIN_10" ]*10,
color=colors|1i],
line color="rgbh(40, 40, 40)",
line width=0.5,
sizemode="area’
),
)

fig. update_layout(
showlegend=Fal se,
geo=go. layout. Geo(

resolution=50,
scope="asia’,
showframe=Fal se,
coastlinewidth=2,
landcolor="rgb(229, 229, 229)",
countrycolor="black",
coastlinecolor="black",
projection type=" mercator ,
lonaxis range=[119.2, 122.8],
lataxis range=[21.8, 25.4],
), height=500, width
margin={"r":0,"t":0,"1":0,"b":0}
)

fig. show()
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AT 2 FREF Y AR EEEERAT 0 UK F

- %4 & python #7 import 4p B ¥ * 2% & -

import json

import os

1mport numpy as np
import scipy as sp
1mport pandas as pd
import glob

1mport csv

import matplotlib. pyplot as plt
%matplotlib inline
import imageio

from sklearn. model selection import train_test split
from keras import layers

from keras. layers. core import Activation

from tensorflow. keras.models import Model

from tensorflow. keras. callbacks import EarlyStopping

from PIL import Image

import cv?2

MTREEVEAZ 2 XY VRTAE L F AT ERGL X0 A
BRGFTHRL Y D BURA S Y HA B A F R L
i 9T B E(ABZ) i I PR B AT 0 R Y IRA S Y 5 CNN
SRR R PR R RIS SRR BT ER - S
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x_1mg list = glob. glob(’ /content/drive/MyDrive/Colab
Notebooks/Windy/datasets/train/*. png )
x_img = Image. open(x_img list[0])

height = int(x_img. height)
width = int(x_img. width)

x_imgs=np. empty((0, height, width, 3))

for 1 1n x_img list:
name = 1
with open(name) as file:
x_1img = Image. open(name)
x_img = x_img. convert( RGB" )
x_img = x_img. resize((width, height))
x_img np = np. array(x_img). reshape(1, height, width, 3)
x_imgs = np. append(x_imgs, x_img np, axis=0)
y_img list = glob. glob(’ /content/drive/MyDrive/Colab
Notebooks/Windy/datasets/test/*. png’ )
y_img = Image.open(y_img list[0])

height = int(x_img. height)
width = int(x_img. width)

y_imgs=np. empty((0, height, width, 3))

for 1 in y_img list:
name = 1
with open(name) as file:
y_img = Image. open(name)
y_img = y_img. convert(’ RGB" )
y_img = y_img. resize((width, height))




y_img np = np. array(y_img). reshape(l, height, width, 3)

y_1imgs = np. append(y_imgs, y_img np, axis=0)

"E é%%i;%&?”?mbﬁﬁiéjmiﬁéﬁﬁﬁﬁ—i
FE FOREEH S E convLSTM ¢ & 5 CNN & LSTM = 8§
CNNliﬂqf”pﬁ'wﬁ% A e Fwﬁﬁﬂﬂﬁiﬂ’vwﬁ?@ﬁ
FradRjEipER R lg\mf};@% ¥ ¢ LSTM ¥ M TR B

TRRF R TR £ mm@,v%ﬂﬁﬂ,¢mﬁﬁﬁwﬁﬁw&
%olzThﬂ%:i.amWSTM‘ﬁ@J/&ﬂﬁﬁﬁﬁﬁywﬂ;ﬂﬁlﬁg
Ko RREE Y A2 L ‘eﬁeﬁ)"_giﬁﬂ}#/} B3 E 40T o 10T L o 2R
ﬁ"u PIBUREE Y A BRI T E B FIER o

-

x_1imgs. shape[0] - n_seq

np. zeros((n_sample, n_seq, height, width, 3))
np. zeros((n_sample, height, width, 3))
1 in range(n_sample):

x[1] = x_imgs[i:1i+n_seq]

[ ] = y_imgs[i+n_seq]

= (x-128)/128, (y-128)/128

X_train, x_test, y_train, y_test = train test split(x, vy,
test_size = 0.1, shuffle = )

convLSTM #-%] » # * tensorflow =3¢ -

inputs = layers. Input(shape=(5, height, width, 3))

x0 = layers. ConvLSTM2D(f1ilters=16, kernel _size=(3, 3),
padding="same", return_sequences= ,
data_format="channels_last" )(inputs)

x0 = layers. BatchNormalization(momentum=0. 6)(x0)

x0 = layers. ConvLSTM2D(f1ilters=16, kernel_size=(3, 3),
padding="same", return_sequences= ,
data_format="channels_last" )(x0)
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x0 = layers. BatchNormalization(momentum=0. 8)(x0)

x0 = layers. ConvLSTM2D(filters=3, kernel _size=(3, 3),
padding="same", return_sequences=False,
data_format="channels_last" )(x0)
out = Activation( tanh’ )(x0)
model = Model(inputs=inputs, outputs=out)
model. summary()
model. compile(optimizer="rmsprop ,

loss="mae’, metrics=['mse’ ])
call backs=[EarlyStopping(monitor="val loss", patience=10) ]
model. fit(x_train, y_train, batch_size=4, epochs=100,
verbose=2, validation_split=0. 2, shuffle=True,
callbacks=call_backs)

loss = model. history. history[’ loss’ ]
val_loss = model. history. history[’ val loss’ ]
mse = model. history. history[ mse’ ]

val mse = model. history. history[’ val mse’ ]
train = plt.plot(loss, label="train’ )

val = plt.plot(val loss, label="val’ )

plt. legend(loc="upper right’ )

plt. title("mae"

train = plt.plot(mse, label="train’ )

val = plt.plot(val_mse, label="val )

plt. legend(loc="upper right’ )

plt. title("mse"

for 1 in range(7):

nx = ny = 881

lon = np. linspace(119+0. 0125%40, 110+0. 0125%404+nx*0. 0125,
nx)

lan = np. linspace(21, 13+ny*0.0125, ny)

fig, axes = plt.subplots(l, 2, figsize=(12,6))
axes[0]. set_xlabel(’ Easting’ )
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axes[0]. set_ylabel( Northing )

axes[0].set_title(C 1= +str(i+l))

axes[0]. imshow((y_test[1]+1)/2,
extent=[1lon[0], lon[-1], lan[0], lan[-1]])

axes[1]. set_xlabel(’ Easting )
axes[1]. set_ylabel(’ Northing’ )
axes[1].set_title( i= +str(i+l))

axes[1]. imshow((model. predict(x_test[[1i]]). reshape(height, w
idth, 3)+1)/2,

extent=[lon[0], lon[-1], lan[0], lan[-1]])

FZH FHETREABRE
AT =% Z Windy § $FHFF 2 v @ TR E2 A E

PR E AT RFRE AT %»?ﬁ’iﬁ@—_(%agm\%bﬁéﬂﬁ%‘i%
TR *i"]‘ *) o A

I
G
i-?ﬁ
P
6%
9
|l
%5
¥
)
—~
w
[
©
©
e
=1
(@)
<
D
Q
=

1
Machine, SVM) it = § 2 i w T4 L 8- HaE # convLSTM

RRE YR ¢ R 2P R R H AT 4R

FHE Windy&Eihs2

fﬁ%ﬁ&%iﬁ%ﬁ
SVMZ>HRG B{Eﬁﬁﬁéﬂ’ﬂd BZEK R E(H
convLSTMflf;iﬂéjlléﬁ
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FEUY AN EE ARG L T PE N2 2y

AFw Z ALY S0 o BN SRR o T Y fRASUE
e TN i FRERAL L B
pliE— ERA - BAT G 0 BEIEA S SE o SYM B2 S B
P T IRITE Mg GBI AR B3

B2 B enpedt > L5 BEE o SVM 2 chp 55 B

RV S

FE el e
VB EE > A B EE
BARTe EEBERTG > RT G T AT L

B

n
o4

<

£ [
— P

=

2 T T Pp

ded X &b iR AR EJ R T g b oo B TR TR
- :F'Jor]u'au;ﬁd % k-5 B X iFAL o
A3 EATE S k2 conVLSTM iR & 8 ¥ HoAl42 55 75 &7 & £ HOg

BB % FALTIT AR R o A2 2 TR T R R B
.&r—r ) f_ii 2;&%; o

https://drive.google.com/drive/folders/14Tq IstBql47894Rn7481n7EyiZ

Zet4s?usp=sharing

https://drive.google.com/drive/folders/170IM1LCmVI5wifloDB3JXALQ

XUmOK7IE?usp=sharing
ﬁﬂﬁﬂp%&ﬁ&?ﬂ%ﬁiiﬂ%ié@@iﬁikﬁ%ﬁ@i
3

=
_\_‘4_
‘43

% 4-1:2022-08-2308:00 §EF AR ME L o4 fas £304A FH

lat lon MIN_10 lat lon MIN_10
23.6914 120.8428 0 23.7427 121.418 0
22.6767 120.2769 0 22.7268 121.0298 0
23.9132 120.6792 0 23.5921 120.7367 0
23.596  120.9362 0 23.7556 120.6309 0
23.7633 120.8248 0 24.3578 120.7211 0
23.8603 120.9867 0 25.1776  121.6812 0
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23.5871
23.5161
23.3008
23.3909
23.4558
23.3878
23.6882
23.6413
24.0871
23.93
23.0413
25.073
23.149
24.6271
24.721
23.9747
21.9027
24.4345
24.3906
24.3904
23.3398
25.9669
23.5643
23.4018
25.1309
24.3
23.9517
23.53
23.7272
23.7416
23.6698
25.0931

B2~ TR Windy 2 2R E e R TR (0T 45T )

120.1724
120.2216
120.6567
120.7085
120.7414
120.4692
120.5953
120.7783
121.1654
121.0833
121.1669
121.7726
120.0782
121.1399
121.2755
121.5978
120.8472
121.2956
121.2633
121.2282
120.6752
119.9724
119.4603
119.3147
121.5689
120.8977
120.8462
120.8486
120.8685
120.862
120.8688
121.8307

EOOOOOOOOOOOOOOOO

O O O OO O OO0 oo o o o o ;

25.1285
25.0177
24.9417
24.8401
24.8607
24.9275
24.8554
24.8268
24.7698
24.7305
24.6822
24.7072
24.6479
24.4634
24.4493
24.2382
24.1584
24.037
24.3354
23.8563
23.9945
23.8505
23.8074
23.7807
24.0133
24.0584
23.7866
23.7954
23.6301
23.5373
23.3832
23.2422
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121.3823
121.7962
121.4628
121.5179
121.3518
121.4384
121.4293
121.2804
121.3434
121.2183
121.2386
121.175

121.1429
120.8557
120.7821
120.8718
120.7485
120.7163
120.9121
120.8614
120.7544
120.9272
120.8295
120.8886
120.8143
120.9032
120.8556
120.7027
120.8624
120.7008
120.5225
120.6886

O O O O O O O O O O O OO OO OO0 OO0 O0O0O0O0OO0OO0oOOoOo0oOoO oo o o
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i ML #7322 > Rl ¢ 2 Mean Average Error (MAE) & MSE
(Mean Square Error) %45 4 e B % 87 357 kv joacand % o

BoER A B B L4 SRR o

012
011

PIREIFRIFTHLEE T o FAFREZF FF TR AR
SELED TR B AIFFRTE - ART UEF B A IBck
Retcal i AR 0 AR T R MSE & MAE 2 b > 7

® % e F %A Y Y L CSI FAR ~ POD -~ Correlation 4 1%3& 7
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i=1 i=1
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Easting Easting
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