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Reservoir inflow forecasting by integrating transfer learning and
deep learning
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Abstract

Taiwan is located on one of the main paths of northwestern Pacific typhoons. According
to the Central Weather Bureau, on average, 3.3 typhoons per year had struck Taiwan. The heavy
rainfall caused by typhoons often results in severe floods in the watershed. For flood warning
system, an accurate forecast of reservoir inflow is necessary to reduce the difficulty of the
operating strategy. Deep learning has demonstrated as an effective method to forecast reservoir
inflow. However, forecasts in some reservoir watersheds are limited to the lack of observation
data for typhoon events. Hence, a novel technique for forecasting of reservoir inflow is

proposed in this study. Transfer Learning (TL) is used to improve the performance of reservoir
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inflow forecasting in reservoir watershed with data-sparse through fine-tuning and parameter
transferring. Several deep learning models are adopted to fit a sufficiently large source domain
dataset and repurpose the learned weights to smaller datasets. The correlation between the
geographical and hydrological conditions of the target domain for transfer learning and the
source domain was discussed in this study. The proposed model is expected to provide more
accurate forecasts of reservoir inflow for disaster prevention.

Keywords: reservoir, inflow forecasting, deep learning, transfer learning, operation

of reservoir flood control
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3Jo@BEY

B EY 5% A 1993 & 4 Lorien Pratt 4] %> ¥ A& 1997 & {8 B & 4 # 75 £ 3
B & Y (Transfer learning) /£ R AR B 48 B & 53 43 Hﬂfrga‘ S EBR BHIY - B ﬁ‘-
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74 DNN
Source LA RNN L/ Source
Reservoir <. 7\ Resenvoir
£ -—**‘»’.‘) LSTM 1
; ~ R
Source domain |
: N\ GRU | Source task
: I

/ DNN
Reservoir | 2. 7\ Reservoir
oo LSTM g
O A
Target domain > \. GRU Target task

Model Fine Tune
Bl 1-~B85Y I A2H

4.2 |3 & iE
BokFaoke 2w g BIPRS00 R R EAR R T
R kw2 fin R LA £ 20 fé_wwfﬁra& ERBEY Y o FREZ RS %F'“‘
BRI B AR R F R A BT hfen R F Y RE Y R ORRE
IR A FR LR TP AT EBEY TR LD R FIEER 7 R
Bt 2R T H FF 26 A BER TR 25T PR B AR R T LG
rIE o Tl EEEA R R AR (AR 1 AT )

»RGER | W B | gy~ Bl
AR | F L)

2 | R+ 1),R(10),Q(6),Q(t-1)
DNN 3 R(t+1),R(t0),R(t-1),Q(),Q(t-1),Q(t-2)
4 | R(+H1),R(0),R(t-1),R(t-2),Q(1),Q(t-

LSTM 1)’Q(t'2)’Q(t'3)

5 R(t+1),R(t0),R(t-1),R(t-2),R (t-
3):)Q(t)9Q(t' 1 ),Q(t-2),Q(t-3),Q(t-4)

6 R(t+1),R(t0),R(t-1),R(t-2),R(t-3),R (t-
4),Q(1),Q(t-1),Q(t-2),Q(t-3),Q(t-4),Q(t-
5)

RNN
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7 R(t+1),R(t0),R(t-1),R(t-2),R(t-3),R(t-
GRU 4),R(t-5),Q()Q(t-1),Q(t-2),Q(t-3),Q(t-
4),Q(t-5),Q(t-6)

8 R(t+1),R(t0),R(t-1),R(t-2),R(t-3),R(t-
4),R(t-5),R (t-6),Q(1),Q(t-1),Q(t-2),Q(t-
3),Q(t-4),Q(t-5),Q(t-6),Q(t-7)
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22 £ 3ERDEFREEHN T 226885 Y méﬁ?‘iﬁ’jﬁ’fg‘-’ % 4 F Bt
»BAE Y B (s eee LR R 0 d P8 1 RMSE 7 4 DNN {r LSTM A RH 84 i5 & 5
% 5tk k T+6 -] PFIE4R ¢ RMSE 4 ulig# 8%7fr 14% > 4p#z. = RNN fv GRU B &
PAEEH o @ i mE R CEfrCCa‘ﬁﬁx Q3808 11k o

HEITRENABEY LEPIFH? LRGAT P A L FHHHER 2% IR
e A& B IR (THO)® 7 %ﬁf:&ﬁ » DNN s g4 1% MAE 29 te /& 8 i 44% > B or 18
BEYREFREY Vol FE LR LY - B2 7 REI DNN S £ B4 &
VOTRFEER R A 1 T+6 FpdF ¢ - & BRI RRIE > 2 i3k Ap #s%ﬂ? ¥
PRI o

THEEE | o | RMSE | MAE CE cc
(] BF)

DNN | 10959 | 5876 | 095 | 0.98

T4y | LSTM [ 11078 | 6078 | 004 | 07
RNN | 13597 | 6278 | 092 | 096

GRU | 12106 | 5442 | 093 | 097

DNN | 14181 | 8829 | 091 | 0.9

143 | LSTM | 14974 | 9867 | 090 | 096
RNN | 17926 | 10331 | 086 | 0093

GRU | 14572 | 8089 | 091 | 095

DNN | 17121 | 12167 | 088 | 0.95

1o | _LSTM [ 10317 | 14675 | 084 | 004
RNN | 21547 | 13762 | 081 | 0.90

GRU | 171.93 | 108.86 | 088 | 094

12 FRKRFERSY S L= E
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FHER] | RMSE | MAE CE cC
(] P#)
DNN | 10888 | 4649 | 095 | 007
1oy | LSTM | 11831 | 5899 | 004 | 097
RNN | 13192 | 6568 | 092 | 0.96
GRU | 12081 | 5362 | 093 | 007
DNN | 13552 | 5811 | 092 | 0.6
Teg | LSTM | 14814 | 0089 | 090 [ 095
RNN | 177.86 | 12103 | 086 | 0.3
GRU | 14614 | 8038 | 091 | 0095
DNN | 14697 | 6769 | 091 | 0096
e LLSTM | 17763 | 12186 | 087 | 093
RNN | 23041 | 18266 | 078 | 0.90
GRU | 17357 | 10991 | 087 | 003

L3 FEKERAS YR EABT YIS L Eh R

THER jen | RMSE | e | cE cc
(] P¥) (%)
DNN | 0.65% | 20.89% | 0.07% | -0.19%
741 | LSTM | 1.23% | 205% | 0.17% | -0.08%
RNN | 2.98% | -4.61% | 053% | 0.32%
GRU | 0.21% | 1.47% | 0.03% | 0.02%
DNN | 4.44% | 34.18% | 0.85% | -0.32%
T3 |_LSTM | 107% | 7.88% | 0.23% | -0.62%
RNN | 0.78% |-17.15% | 0.26% | 0.38%
GRU | -0.29% | 0.62% | -0.06% | -0.03%
DNN | 14.16% | 44.37% | 3.7% | 0.2%
T+6 |_LSTM | 804% | 1696% | 29% | -0.5%
RNN | -6.93% | -32.73% | -3.5% | -0.2%
GRU | -095% | -096% | -03% | -01%
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. —— predit(no-transfer)
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S-12 KFRLERBIEFRE

AS5feR O XMANT P ORE LN AR LABEY PEATERE LT L RY
» B Y RS eee LR R 0 d 3T E R RMSE ¥ L% 5 DNN 24 & 5 > & A & T+l
T+3~T+6 ] EE3f3E ¢ RMSE 4 B2 9%~ 14%fc 22%  Bdl @ 3 a7 P KR & 0 8
#% ¥ & DNN -~ LSTM - RNN ~ GRU #3] ¥ > 32845 1 RMSE T 322 R 15 & 5 5.9%
BT AR A F A Ak THL > TH3 ~ T+6 /| PFIp4R® 7 @ F)ecyd o AW 3 VLRI 7
PR E GRU #3348 e b P P T+6 /) PEIEARY > & BRI afk-KE Y 3 B BT
RZEARPE ENERRE > LS BBV PG 2 BRI TERPIE -

AP o7\ RMSE MAE CE CcC
() ) o

DNN 143.66 94.60 0.97 0.99

T+1 LSTM 130.74 74.87 0.98 0.99
RNN 141.18 82.27 0.97 0.99

GRU 137.09 76.09 0.98 0.99

DNN 267.33 181.05 0.91 0.97

T+3 LSTM 241.10 146.10 0.93 0.97
RNN 319.95 194.06 0.87 0.94

GRU 266.29 149.63 0.91 0.96

DNN 407.05 282.45 0.80 0.96

T+6 LSTM 310.31 205.22 0.88 0.96
RNN 426.08 301.88 0.78 0.90

GRU 321.22 211.83 0.88 0.95

25 FPORBEFRE Y 2 EhE
AR o5l RMSE MAE CE CcC
() ) -

DNN 130.76 79.94 0.98 0.99

T+1 LSTM 128.87 76.62 0.98 0.99
RNN 132.96 75.89 0.98 0.99

GRU 125.58 70.03 0.98 0.99

DNN 229.72 145.17 0.93 0.97

T+3 LSTM 239.37 155.38 0.93 0.96
RNN 311.6 175.15 0.88 0.94

GRU 254.97 145.19 0.92 0.96

DNN 317.27 215.39 0.88 0.95

T+6 LSTM 301.51 217.88 0.89 0.95
RNN 439.38 285.86 0.77 0.9

GRU 312.35 208.44 0.88 0.95

%6~ FF-RRFEREY 56 BB F Y #2584k
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TAREE o5t RMSE MAE CE CcC
() ) o
DNN 8.98% 15.50% 0.46% -0.01%
T+1 LSTM 1.43% -2.34% 0.06% -0.05%
RNN 5.83% 7.75% 0.30% 0.18%
GRU 8.40% 7.97% 0.40% 0.15%
DNN 14.07% | 19.82% 2.56% -0.09%
T+3 LSTM 0.72% -6.35% 0.11% -0.38%
RNN 2.61% 9.74% 0.75% 0.70%
GRU 4.25% 2.97% 0.81% 0.15%
DNN 22.06% | 23.74% 9.74% -0.22%
T+6 LSTM 2.83% -6.17% 0.73% -0.75%
RNN -3.12% 5.31% -1.77% 0.28%
GRU 2.76% 1.60% 0.77% -0.18%

2T BPORRFEREY B EBBE YN LRI WA

GRU(T+1)

—— predit(transfer)
—— predit(no-transfer)
e obs

4000

3000

0
g 2000
1000
0
0 10 20 30 40 50
time(hr)
GRU(T+3)
—— predit(transfer)
4000 —— predit(no-transfer)
e obs
3000
£
5 2000

1000

time(hr)
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GRU(T+6)

—— predit(transfer)
—— predit(no-transfer)
e obs

4000

3000

cms

2000

1000

0 10 20 30 40 50

time(hr)

B3~ %#M-KE GRU B @b 8 F T+ ~ T+3 ~ TH6 2 At i

52 KRB KFBAREHESEY LB

AEFTHFEREERFEAFRGEBE Y 2 8 mPE L REEAE > T
TEARHEN 0 4 B P FR K E S DNN #3272 J\g LSTM #3542 = 4 % T+6 |
B%st‘f;‘ c % 8frk OA N EREF KREEHFFR KB FR KR BHI L KR
ik B0 frd 1Y T RRIER KL 2 TSGR BT L 4 S )
Eﬁpu: IR P > RMSE % 152 5 5%~14% % ¢ 7 BAT| 2 PR G b~ 7]
Tedt PFRY 4 2 ) PFfe 3 [ PFec L 15 R+ > MAE e 5%~14% > Kt 7 4o 7
FRREBBINFELAELGS ) BFFRENFELE A gig,]» F) 3 Tean P g A P
BERPERE S AF OFERERB I EFRES BB RE AT FR L
ey » P15 TER R L 23 L R BRREEL  VEPBBTY &5 KR
FAAET o R H B RRE 2 BT A B8 Y F vt g r B2
%&?”H"Fﬁfmﬁ'&“” o Bk wREIOEFRFREZ R i%&g% * F) 3 Tean ERFBLE 2

Bt e
DNN ERBBEY FRBEY
Teeh
RMSE | MAE CE CC | RMSE | MAE CE cC
7] P)
1 182.71 | 102.04 | 0.85 0.94 |178.97 | 105.67 | 0.86 0.94
2 148.17 | 84.82 | 090 | 0.95 |161.96 | 97.09 | 0.88 0.94
3 159.53 | 82.56 | 0.89 0.94 |166.46 | 94.79 | 0.88 0.94
4 175.63 | 103.29 | 0.87 0.94 |166.37 | 90.20 | 0.88 0.94
5 171.21 | 121.67 | 0.88 0.95 | 14697 | 6769 | 091 0.96
6 189.96 | 122.36 | 0.85 0.92 | 204.01 | 117.16 | 0.83 0.92
7 163.86 | 82.70 | 0.89 | 0.94 |159.66 | 83.23 | 0.90 | 0.95
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e 8~ FHAREMT Pﬂ”&%‘flfﬁfé&ﬁﬁ% F]+ 2o &k T+6 ] PFHCF =8 1

LSTM #iBHEY T BBEY
—
RMSE | MAE CE CC | RMSE | MAE CE CcC
(] )
1 345.22 | 201.98 | 0.85 0.92 |368.28 | 234.11 | 0.83 0.92
2 330.91 | 227.36 | 0.86 0.95 |291.47|172.74 | 0.89 0.95
3 328.55 | 220.27 | 0.87 0.95 | 278.06 | 169.83 | 0.90 | 0.95
4 312.39 | 206.26 | 0.88 0.95 |368.33 |279.88 | 0.84 | 0.95
5 310.31 | 205.22 | 0.88 0.96 |301.51|217.88 | 0.89 0.95
6 327.51 | 233.79 | 0.87 0.95 |290.06 | 202.80 | 0.90 | 0.96
7 370.15 | 270.09 | 0.84 | 0.95 | 342.56 | 233.08 | 0.86 0.95

£ 9~ B FOREIT TR BB g~ B 2 A K TH6 ] B i 1

# 10~ FHE KB 7 B*Fe’:“ﬁis?] »FF 2 g R L R

11~ FFPORE 7 fs E%FMQ?]» F]F 2 A iR L R

DNN TEIR A K T+6 /] P
frm P RMSE MAE CE CcC

(] %)
1 2.05% -3.56% 0.72% | 0.45%
2 -9.31% | -14.47% | -2.07% | -1.12%
3 -4.34% | -14.82% | -1.09% | -0.59%
4 5.27% 12.67% 1.58% | 0.64%
5 14.16% | 44.37% | 3.71% | 0.16%
6 -7.40% 4.25% -2.67% | -0.69%
7 2.56% -0.65% 0.62% | 0.43%

LSTM A Kk TH6 /| pF
T pE T

(g | RMSE | MAE CE cC
1 -6.68% | -15.90% | -2.44% | -0.12%
2 11.92% | 24.03% | 3.54% | 0.53%
3 15.37% | 22.90% | 4.35% | 0.42%
4 -17.91% | -35.69% | -5.25% | -0.63%
5 2.83% | -6.17% | 0.73% | -0.75%
6 11.44% | 13.26% | 3.14% | 0.95%
7 7.45% | 13.70% | 2.73% | 0.39%
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A BWBE®R

T H 41% EBBEYVIFREY UL R LR MR EIHEHF T NEFLEA
?sgg KEIpELERBEY ZRBfep BBEFS T N EEAEY S E G AL
’]‘%L’J\E I B%ﬂiiﬁi (N METF .};g\, T m,,_z\ :
(1) #MKEBEBINFE-LET F sxecd FH KR DNN fv LSTM H#55% > & & of pFIE SR
PEARA i ; ?‘iﬁf KEBHI|EFKREF xd £ -k E DNN~LSTM ~ RNN ~ GRU
Al Y o B THL S TH3 ~ T+6 | EagdR e ¢ 7 @ g o
(2) é%m%ﬁﬁPmﬁkﬁﬁbﬂﬁﬂﬂ+%wﬁﬁﬁa% BIRpE R B ok
HFEMEERBEY oL S FPREAFFRENELET ”Iiﬁh})‘ﬂ”‘ fae
PFRREZ £ FFRERE > A& A RJIH b mﬁ%l > WV aE 2 Bp iR
() AFFHI2ZET % ﬁ’ Aok B~ R RIS Te%%& ¥ A R AR
(4 *FFoRNZEEBBEVIFRAEY » BN EEF > VIR RE PR E
BT kEFEFRELER II\'%
(B) IR FHPAIBEFE G A rCHEBREFTHE ARFE L r 2P fefF 1Y
H B RRERFAYT ) s AT g _ﬁ’*,i—a i
54 %
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