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Water level forecasting of Reservoir downstream

by machine learning
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Abstract

Taiwan is located in the subtropical monsoon region, both typhoons and vigorous
convection caused by strong southwesterly flow develop seasonal compound disasters.

In addition, the response time for early warning systems of the reservoirs and
downstream riverbanks has been shortened due to higher frequency and greater
intensity of short-duration rainfall events in recent years. Past studies pointed out that
the current water level forecast does not consider the outflow discharge of the reservoir.
Therefore, this study proposes a downstream water level forecasting model that
considers the outflow discharge of the reservoir, and the model is provided to relevant
hazard mitigation centers.

This research has selected the water level of the Taipei bridge as target status and
collected data of typhoon and storm events from 2014-2021. These data included the
precipitation in the watershed of upstream of Taipei bridge, outflow discharge of
Shimen reservoir, inflow discharge of Shimen reservoir, outflow discharge of Feitsui
reservoir, and tidal of Tamsui river estuary as the alternative factors. Subsequently,
building several models based on multiple machine learning, such as RNN, SVM, and
LSTM to interface with the constant-quantity rainfall forecast of the Central Weather
Bureau, then produce the forecast in the future 6 hours about the water level of Taipei
bridge. The proposed water level forecast is proved to improve the accuracy of the
forecast in the future 6 hours about the water level of Taipei bridge. Moreover, by
coordinating the Quantitative Precipitation Forecast(QPF) and warning water level, the
model provides early warning of the future six-hour water level, which is not only
beneficial to evacuation and operating traversing dock-gate and evacuation gates
efficiently, but also conducive to reducing the risk of losses in life and property.

Keywords: water level, reservoir, Quantitative Precipitation Forecast, machine
learning, MSF, Taipei bridge
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Tl e 4 45 e B (Recursive neural networks, RNN) ~ & ‘&4 3z & 4 . (LSTM)
2 5w ¥ #%(Support vector machine, SVM )iE ¥ #5382 -R =3 R o
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¥ Y T S [T A I ST R i% e

& (mm/h) & (cms) &£ (cms) (cm) i=(m)
1 2014/7/22 22.0 8823 802  168.1 18 138 AL R
2 2014/8/1 0.1 2462 757 1635 1.69 50
3 2014/8/9 0.0 0.0 770 2114 211 30
4 2014/8/12 6.0 0.0 775 2135 214 30
5 2014/9/21 0.2 320 821 1705 171 30 B e
6 2014/10/8 0.0 0.0 798 2155 211 30
7 2014/10/11 1.8 0.0 780 2297 231 30
8 2015/7/10 0.0 320 782 1682 2.1 28 o
9 2015/7/12 1.0 %5 776 1439 166 31
10 2015/7/19 0.8 2477 766 1543 181 35
11 2015/8/6  20.8 5012.9 3160 159 517 157 @B &k
12 2015/8/19 10.5 3767 1041 1397 156 40 1)
13 2015/8/27 20.9 3081 1226 1834 204 49
14 2015/9/2 1.1 2740 761 1633 1.93 43
15 2015/9/6  22.4 300.1 783 1329 146 56
16 2015/9/27 12.2 30274 5563 197.1 378 109  HEEEA
17 2015/10/5 0.5 3066 744 1123 121 30
18 2015/10/8 16.7 3779 746 1221 135 42
19 2016/3/1 0.0 486 780 756 086 33
20 2016/7/6 56.3 3028 1231 1689 1.84 54 R {0 b
21 2016/9/13 22.6 486 781 1442 158 32 YWE %
22 2016/9/14 8.6 2738 780 1923 213 93 YWE %
23 2016/9/17 20.8 991.8 793 2178 263 63 BB gh
24 2016/9/19 0.2 0.0 781 1924 218 30 BB gh
25 2016/9/25 16.1 3985.4 7942 1827 335 114  fiE®%h
26 2016/10/11 1.7 2159 5563 1343 15 29
27 2016/10/14 4.8 2505 3109 1715 204 44
28 2016/11/14 0.0 0.0 765 1982 214 30
29 2017/6/2 2.3 14108 797 1415 158 75
30 2017/6/11 1.9 337.4 1254 1623 182 226
31 2017/7/19 0.0 0.0 782 1364 362 30
32 2017/7/28 15.2 5756 796 1578 171 83 RS RR
33 2017/9/13 0.4 511 814 1562 174 32 4 %R
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1 WE2ZER &% = FA(H)

BkRh 2PEk FRE AL LA
H=x p Hp I L S W LA G P < B - S S FI; # s
s (mm/h) &(cms) &(cms) (cm) i=(m) "
34 2017/10/13 30.7 269.9 316.1 149.4 1.63 58
35 2017/10/21 0.1 0.0 77.4 183.8 2.11 30
36 2018/1/8 0.4 278.1 77.0 149.7 1.62 42
37 2018/8/12 2.2 0.0 81.3 214  2.15 30
38 2018/9/7 2.0 259.0 82.9 185.5 1.96 29
39 2018/9/28 2.0 287.4 81.7 183.9 2.02 54
40 2019/5/19 21.6 374.9 7.7 178.2 2.02 41
41 2019/6/10 13.8 376.2 78.0 157.3 1.88 117
42 2019/7/17 32.2 61.2 79.5 170.7 1.82 45 A AR b
43 2019/8/7 2.8 983.3 81.0 165.3 1.81 111 1+ 5w h
44 2019/8/23 22.1 58.1 78.2 115.2 1.16 42 2B
45 2019/9/29 9.3 1039.3 315.7 204.1 2.6 108 R B
46 2020/8/3 5.7 511 814 153.8 1.62 31 5 Ft He b
47 2020/8/10 8.4 511 81.8 102.1 1.02 33 VEIE AR )
48 2020/8/22 1.8 511 84.2 160.3 1.52 28 ¥ wEe b
49 2021/5/30 0.3 56.3 814 1446 1.75 78
=~ B3
(-) ¥ & #((SVM)
% ¥ & 3 (machine learning);# &2 ¢ » L% # l5*&$(Support vector
machine, SVM )K_A\ AR AT Y A4 TR AN S Y Y o & 1990 &

5 # Vapnik % & 1) SVM » #* % f2;4 %2t & 85 R 38 (Vapnik, 1995; Cristianini

and Shaw-Taylor, 2000) o &2 1 1995 & #-H g B FFE I v ﬁjm\ 7 ek 38
b oo

SVM i &5 & @BaFrge (1) BAvsgsh S * % b '
minimization) - @ SVM i& * 24 i* b *& & ] 3% 4 i (Structural risk minimization) -
WA ORTE P A Sl XY R R “#ﬁa‘;%‘)ﬁ}q ~E R RN ED -
RAOMFER > 4 A g HHE L AL EEPFF AL (Q 50 @A B

+ i+ (Empirical risk
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2 REEAL BB R EOR L RGNS R E AR S - B SR
(Quadratic programming) » # * &2 5% & 2 ik K fF 0 (8] > e - & iEf2 - SVM
¢ mﬁg,]%ra» AR ERL R RASTE iz i g_)im;fi—ﬁ;q_ﬁ&,ﬂbm#dgtg ERE Y e
(Linear, LN) ~ % 58 ;% (Polynomial, PL) ~ #5# £ & & #c(Radial basis functlon, RBF)
% {8 5 #(Sigmoid, SIG) - SVM 3 & F 2% #ct » fi4: S ~ Gamma ~ 58
7% & #iz(Degree) ~ 3% % % 3% (Epsilon) 2 # 8 % #c(Cost) -

(=) ihix A =55 (RNN)
vEir 40 45 % g (Recursive neural networks, RNN) 5 8 £ 5 ¥ ch- BA L > £ 5
FRCER R o SR HUERE KA A P REZ A L LRFTHEES KD
i 'r*éi’?hfs'ﬂ'l“*#ﬁ#? g BH A TS e B 5 41960 2 1970 & - yj-}u
FAMALE RIE D LR A SRR SN G RER a4 0 B ns
m’ﬁﬁﬁﬂﬂﬁ@ﬁ’mﬁﬁ?ﬂ HwFEw o

RNN & 4= §235 5 Jeffrey L. Elman A 1990 & # 21505 5 ANN 4c » 7 ifiw
SIS L *ﬁk IR A fum%]u EwAd o s T - iﬁ%/\ﬁmﬁi ' il
m%‘a‘zz:ﬁ_y“‘ﬁ sRapRY > UHEHLFREERFLKREY o Fl2t RNN
ﬁﬁf#i“* iy~ FORE LG AR B LS PR A SR e iR R A SRR e
oA R m%l)‘ > ’fl"?\’ff’% MR BRBERTIIT B FE - iz - RRA
HEAPAT-RE- A G AT ARG LFREY VIR LK R ERYR
T '3 ;% (Stochastic gradient descent, SGD ) - #% ) e §t ﬂfﬁv‘ BFaiEL B L
EEY P B AR AR b & B AR PR ;Lm/#,ig“ EE BT AR
FERS

PR OCNN e g A 73 M RNN o @ A2 @& % c7% RNN o

(=) & & ot 5 2 H(LSTM)

£ 7= ¥ 3z B % & (Long short term memory network, LSTM) &#_% 1997 #
Hochreiter % % 3 % » H 5 24 B 5 RNN chi 42> 3§ & A2 B 7| F AL > T i
5P RRPEREBRRE & L AFER Lt AF gk o

LSTM £ i@ 5 RNN 17 fo f3t 0K st i 4 ) His 0 LSTM g 0 o
gl e arAd - Bt pRrED LERFRAF - BRAS F - &3
Bp AR g2 3 (Gate) A G E A R IWT o H G W
P ofie- SR » BEFERLEREIFFRL AL LT g4
iE- ﬂﬂﬂ%mﬁiﬁﬂ ViR R PR A - ﬂﬂﬂ%mﬁiﬁ% BEEFERMLIZ oI HF
Sy RO R R KU E T slRet 2 F”a? ol %%]%WFBIE—#?F&? PR
AR R A g ARR (TVT’%J THRREE MG F'“%]HH?F”EJ"'U%%&WFG'F%?
s ﬁsﬂ] ’F%F'&‘}Brg?iﬁ’\iw °
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Input node g = tanh(W,,x® + W,,A¢"V + b))
Input gate i = g(Wix® + Wy, h¢D + b))
Forget gate £ = a(Wryx®@ + Wy, A&V + by)
Output gate 0® = g(W,,x® + W,, At~ + b,)
Cell state s = g® @ i® + 5D @ o®
Hidden gate h®) = tanh(s®) © o®

Output layer y® = (W,,,,hA® + b))
B owy i EA T RRNE A Jfpd o xO L AR URET S~ @
ROV L e slent - i 1 el » i > RO S G R ET BER T -
F,ﬂg;mﬁﬂ A g(t), ¥ mﬁ%] » By o i@® f(t) ~0® % @] PN fispcf‘—"%] A1 fFe
gl TR firo A FERE AR D A eEm W s® 5D
PERRURET B LR T ane iy g y O L AR U el
3 0% sigmoid S > ¥ R g S (0, DFR P ki -

s HRA2EEES

AL PN AR o MR IR RS AT R E L
PRl FAEFAT R TR 0 A 5" et 2 (Grid research
method)(Brad 1983)%t 3 #& % 1 A & HE74 i 7 F1 5 i fr 4 L BB Rr

RIS ARG kTR

\\\?{r

+ o

(=) FlF FE oy T

AT FI 42 30%F ;2 (Grid research method)(Brad, 1983) &k & 15 & i m@]
FlF fofcst Sl R REFZDAAMEL LT E Y TR 4T --P¢"’fé.¢=¢'~5fﬁ ot
Bl AT G R frddce s S 2 EAYTEF TR T RS
B o R IOFZ A TE T RS T U ol R il £ 2172
R AT AN L @ i e

rE G LB BREAA TE e 49 Hoha § fﬁﬂ}fr’}i 4% (@ et P (Lag
time)» T M-RE3 -k < &3 r%;}@ K B2 PR 5 3B AT
T AR A 37 K dod 2 977 #E&ézﬁﬂzﬁmsm:aﬂ;f‘%mﬁw‘%’kfifr%
F’“J(&:‘.,tfﬁ Flpt o RS~ KRERE er"‘!%@’kif’_Hﬁﬂﬂi;—J%ﬁ
w L i R(t)4 R(t-6) ~ Q(t) 2 Q(t-6) ~ H(t) X H(t-6)e2 & fie¥f o b b » 344 1 4
%1‘3— FRANFHENS > AFTPESBY LNFHREFEREFT ok 3 47
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FoBTFFREE LR R E Ty Bk £ iR b P RendR
TPE A 2 H o

%2 L FF ARk Ap B A AT
k% FMRE FMLE FELE

§4FE Tya(t) »mB@E) MmBEE DR (D) #EQ s A k0
t -0.048* 0347 0352 0154  0.873 1.000
t-1 -0.036 0365 0359 0149  0.838 0.888
t-2 -0.019 0373 0355 0146  0.601 0.594
t-3 -0.005 0372 0340 0144  0.240 0.218
t-4 0.007 0361 0317 0143  -0.150 -0.150
t-5 0.015 0340 0288 0140  -0.465 -0.421
-6 0.017 0314 0259 0137  -0.636 -0.539

[¥]-0.048 & 77 5 4 Aok & t B 3k 2 Bk B T35 & (040 B 8K 5 -0.048

203 HOF Sy T2 R E Sk

Model Parameter

Kernal function Gamma Cost Epsilon  Degree
M RBF, LN, PL, SIG (27,27.2) (27,27,2) 27,2°.2) (2,3,1)

Hidden layer Activation Optimizer Batch ?ropou Epoch Loss

DNN {[32 64 1281},

LSTM gzsg}{i[s]l}z]i[ y e 0%, 50, MAE,
{[32], [64]}, {[64], [128]} anh, Relu Adam, 32, 30%, 100 MSLE

Rmsprop 64, 60%

{[128], [256]}

[x] hyperbolic tangent : Tanh ~ Rectified Linear Unit : Relu

(=) =
L (E) L R % Q)R+ Q)L + 17 3L st kot R S
g T Y NS L BB EEL AP Rl o iR RIER

PR o LAY 2 40T
4 (BE)=9 % E(Qy)- 7 3+ ©(Q)

357 §23% £ (Root mean square error, RMSE) » #-3% % T 2 {8 4c %% > £ BxT 35,
B fS AR BL o 3 4 T 3 7 K AR E 2 > F]pt RMSE E4%0) > B3t |'§,7*
ARFTF e o RMSE @38 3 2407
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RMSE= J Y 1(Qe — Qp)? (G*1)

3518 5 ¥ £ (Mean absolute error, MAE) » #1773 L PG 4@ 8 8 B
¢ » A PTin. MAE 4% ] » 53+ *,\j}é\#q-ﬁ"‘? g o MAE B35 2 2 40F @

MAE:% ?=1|Qt - Qtl (5% 2)

#p BE % #c(Correlation coefficient, CC) » 3+ 5 9 ¥ & 7 23+ @ ehhf hlic > F 4P
M ABARET - > AT FHEE G B MAARARF o CC B 3 2407 ¢

Co= Q)@@ _ £ 3)
\/Z?=1(Qt—6)2 Y 1(0:-0)?

»z & % #(Coefficient of efficiency, CE) » »c 5 i dicehde ] 41 % f & 35 7
-2 F > FCEEE- > AN dder g Er & F CE E4iT™
- A TN mARARR FCEREANERFAF RS RN TIEE D F
CE®&E/ > % » 275257 TaE  -CE B8 3 24T !

Xt=1(Qe=Q0)? X
-3 0o (+4)

(2) FFFFFER
20 B RE N R RS Ak el A * SYMSRNN - LSTM
B 22 SRR R 1D 6] PR IR B Rt A 4 Ak
FARA K LT 6 ) 2 B g R AR 10 SR AR P e 0 TR A R
4 > % RMSE v MAE 352 3 4c - 48% 451 CC {~ CE @ % - LSTM ~ RNN i
BAEAR A K 6] PFAR B 3 Bc(CC)35+ 31 0.8 AL (MAE) ] *t 04 M7 & &
%r‘ 4 FEXAM & 6 BIFMEA Y o RNN s R4 Ring g2 LSTM e
SVM #:5¢

PLE S R LRIFETARY W2 A He L - hE R TS R RS
Blho®l 3 TH 5 477 o d oL R F A R AT RT P A IR P R
WoER Ak 1 6] pF o TEAR 0 S B0 £ BB E o A B & t+] S t43 - t+6
PP SVM R it & B 0 F15 SYM eni & BH L Rk AT B ER Y
RRE Pl AT A TR A S0 T b RNN A % ¢4 Apict $48 LSTM
SEERFT R S LSTMAE S L B ch B 7 5 B @ A AT F 2 9 T4 4t
* LSTM 2 #33%p% > A% 4 5 % & &F4F t+6 pF2] SVM 2 RNN it
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B B AP BB M- MRS REE PR Rk S
S 3 ek £ A 3] Bk TR 6
JEEL gk i g :Ié’a—’ﬁ BTG IR, P AR B L S s T ?\E‘?Zéﬁ
BRSO 3L RN R T AR RS

FE A = BHRASTR AR Y B LA R 822 RNN St iR 4 T
Bt o SVM 4 BT AR LA R A - TR SUM 2 2 4 ff K
AR o FARNA R LT 6Pk TR 24D FORD KR g

24 RS mEhE

; Model
Lead time (h)
SVM RNN LSTM
RMSE(m)
t+1 0.30 0.28 0.28
+3 0.44 0.41 0.43
+6 0.65 0.56 0.57
MAE(m)
t+1 0.21 0.20 0.20
t+3 0.28 0.29 0.29
+6 0.44 0.39 0.39
CE
t+1 0.90 0.91 0.91
+3 0.78 0.81 0.80
+6 0.52 0.65 0.64
ccC
t+1 0.96 0.96 0.96
+3 0.89 0.90 0.91
t+6 0.78 0.81 0.81
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1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96 101 106

Lead time =1

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96 101 106

8% e (hr)

B3 ek o A 4FA K 1] PR

Lead time =3

...... Observation LSTM

—RNN SVM

\./\sf /V

B i (hr)

B4 Fmh s pA R 1] Pk
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Lead time =6

...... Observation LSTM
4] ——RNN SVM

[, \/\,f\u/\/ /\f\

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96 101 106

& Fa] (hr)

() 2 % 35 & o>

WS ek o A 4FA K 1] PR

N
AETARUSBAIFERSFRLABARLI 6 FL ki A E
Fen G Z BB a)mwﬁ\ﬁ%w%ﬁéﬂﬁhQ) Frt e 2 s
ERpirl ER R ERENERSF O PEN R G2 LR BN RIS
RAp AR BT LR R T hih

AR LN PR DL R el L o 8 SR A N L T
B0 Rk R Sk T e b A PRk R § e A 4
ﬁ*’{x * e ARk ER L & R
2. * Ft"féi}f’ﬂ eI *3—;7\‘@ » I8 st S ¥ AL #ORE B £ 22N
&émﬁwwﬁﬁ °
l}’fs—‘\‘ K EFEAR 3 224 R RNN~LSTM “""}Lﬁﬁ-%‘\* T id > SVM #
B AR Ry > F) Pt iE ik 1 SVM £ 2 in ‘*Li}ﬁ K FEIR RN o SR A
k3 PPkt E =P % ‘ﬁ%

rl“’%
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