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Inflow Estimation into Chungju Reservoir Using RADAR Forecasted
Precipitation Data and ANFIS
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Abstract

The interest in rainfall observation and forecasting using remote sensing method like RADAR (Radio
Detection and Ranging) and satellite image is increased according to increased damage by rapid weather
change like regional torrential rain and flash flood. In this study, the basin runoff was calculated using
adaptive neuro—fuzzy technique, one of the data driven model and MAPLE (McGill Algorithm for Precipita—
tion Nowcasting by Lagrangian Extrapolation) forecasted precipitation data as one of the input variables.
The flood estimation method using neuro—fuzzy technique and RADAR forecasted precipitation data was
evaluated. Six rainfall events occurred at flood season in 2010 and 2011 in Chungju Reservoir basin were
used for the input data. The flood estimation results according to the rainfall data used as training, checking
and testing data in the model setup process were compared. The 15 models were composed of combination
of the input variables and the results according to change of clustering methods were compared and analysed.
From this study was that using the relatively larger clustering radius and the biggest flood ever happened
for training data showed the better flood estimation. The model using MAPLE forecasted precipitation data
showed relatively better result at inflow estimation Chungju Reservoir.
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Table 1. Thiessen Weight Factor for Rainfall Station

Station Thiessen Station Thiessen Station Thiessen

Jinbu 0.041 Mitan 0.031 Bongyang 0.018
Hoenggye 0.024 Jeongseon 0.031 Jecheon 0.029

Bongpyung 0.041 Dukam 0.023 Youngwol 1 0.03
Suhang 0.029 Hajang 0.035 Sangdong 0.026
Oangsan 0.02 Anheung 0.017 Hadong 0.044
Daehoa 0.035 Suju 0.029 Chungjudam 0.019
Yucheon 0.021 Yeunduk 0.017 Cheongpung 0.025
Imgye 0.035 Mungok 0.032 Eosangcheon 0.034
Unhak 0.026 Sabuk 0.044 Youngchun 0.032
Banglim 0.032 Sinlim 0.029 Deoksan 0.041
Pyungchang 0.022 Baekun 0.029 Danyang 0.054
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checking data, testing data)7} Z&
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stk mgol AT &

Table 2. Coefficient of Determination for MAPLE due to lead time

CASE 1& w3e) 3%, 04, 220bgel AHed 54
9 ATl & Fe 9FE Ao e ATEFT 2 AR M Am, 4F

L

R Instant Value Cumulative Value
2010 2011 2010 2011
t 0.6677 0.6242 0.9895 0.9969
t+1 0.6721 0.6009 0.9832 0.9953
t+2 0.5646 0.0054 0.9806 0.996
t+3 0.3713 0.005 0.9721 0.9955

Table 3. Flood Event Selection

Start End Period | Total Inflow | Peak gnﬂow Aver. 3Inﬂow Caqse of
(day) (MCM) m’/s) (m”/s) Rainfall
event 1 2010-09-04 | 2010-09-18 15 1,330.6 6,050 1,026.7 SF
event 2 | 2010-09-19 | 2010-09-28 10 939.7 6,518 1,087.6 PT
event 3 | 2011-05-06 | 2011-05-20 15 615.8 2,120 475.2 SF + LP
RS+TP1
event 4 | 2011-06-15 | 2011-07-24 40 4,441.0 7,624 1,285.0 RF+TP2
event 5 | 2011-07-25 | 2011-08-08 15 911.5 3,342 703.3 SF
event 6 | 2011-08-14 | 2011-08-28 15 1,052.7 4,332 812.3 SF+PT&LP

SF: stationary front(Z#1%14), PT: pressure trough(71¢}

RF: rainy front(*vF3d4), TP1: Typhoon Meari( Bl weolg)), TP2: Typhoon Ma-on(ElS

Table 4. Input Data Composition

1), LP: low pressure(#713}), RS: rainy spell(Z4#h),
1:!(]—_?_

Training Data Checking Data Testing Data
CASE 1 event 4(1) event 1(3) event 2(2)
CASE 2 event 4(1) event 6(4) event 1~2(2)
CASE 3 event 4(1) event 2(2) event 1(3)
()RFe] ek ZF 5APde] el e wE SAE o
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Model Antecedent Data Consequent Data
MAPLE Obs. Weather Data Obs. Inflow Data Forecasted Inflow Data

A B, Ry Q, FQy~ FQ .y

B R, R, @, @y FQr iy ~ FQ iy

MO C Ry, Ry, R , @, G, FQ .y~ FQ oy
D R, R, R, Q, Q-1 G FQ .y~ FQ

E R, R_,, R_y R _4 Q, Q_,, Q_, FQ ., ~ FQ, .,

MIA ]lllt Rt’ Rtfl Qf FQHrl -~ FQt+24

MI1B M, R, R, Q, @_, FQ ., ~ FQ, .,

M1 MI1C M, R, R _,, R_, Q, @_, FQ ., ~ FQ _,,
MID My, Ry, Ry, B, Q@ Q1 @ FQ .y~ FQ oy

MI1E M, R, R_,, R_y R _4 Q, Q_,, Q_, FQ ., ~ FQ, .,

M2A My, My, R, R, Q FQiy ~ FQ sy

M2B M, M, R, R,_, Q, Q_, FQ ., ~ FQ, .,

M2 M2C M, M, Ry, By, By Q, @y FQ .y~ FQ .y
M2ZD My, M, Rt,r Rt,flr Rt,fz Q, Q-y, Q_, FQ i~ FQ o,

M2E M, M, R, R, R, R _;, Q, Q_,, Q_, FQ ., ~ FQ .,
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o dSAE o] &t /‘a]%‘ %koﬂ gk RMSE<}t
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CASE 27} 222 £2 Z3E HtKTable 6, Fig. 4).
AARATE AR Bl A= t+] ~t+5AI Tk A CASE 1,
t+6~t+12A)7Fl A= CASE 2, t+13A]7F o] $-ol| 4= CASE
39] g Ao 7PF 5738 e HYTHTable 7). 18]
1 Fig. 58} 7o t+1~t+6A17ke] ARAIF9] Aol= 58]
nn|ahyg A AJI7r FoF CASE 29+ CASE 3¢ A3} =&
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3}, subtractive clustering *HS AFR-3F A3 B ws}
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Table 6. RMSE Comparison according to CASE

Table 7. R* Comparison according to CASE

CASE1 CASE2 CASE3 best CASE1 CASE2 CASE3 best
t+1 58.63 64.29 67.21 CASE1 t+1 0.9981 0.9966 0.9966 CASE1
t+2 102.18 101.43 99.43 CASE3 t+2 0.9943 0.9923 0.9923 CASE1
t+3 162.34 153.10 145.78 CASE3 t+3 0.9857 0.9826 0.9826 CASE1
t+4 230.77 21254 199.52 CASE3 t+4 0.9712 0.9673 0.9671 CASE1
t+5 309.70 277.87 253.64 CASE3 t+5 0.9482 0.9475 0.9465 CASE1
t+6 389.00 338.31 305.51 CASE3 t+6 0.9183 0.9242 0.9221 CASE2
t+7 463.46 399.39 360.06 CASE3 t+7 0.8847 0.8963 0.8919 CASE2
t+8 536.26 452.12 398.05 CASE3 t+8 0.8459 0.8738 0.8631 CASE2
t+9 603.20 503.29 434.00 CASE3 t+9 0.8054 0.8515 0.8431 CASE2

t+10 665.25 551.53 466.03 CASE3 t+10 0.7626 0.8263 0.8196 CASE2
t+11 720.60 593.91 490.87 CASE3 t+11 0.7205 0.804 0.8002 CASE2
t+12 782.22 639.28 520.27 CASE3 t+12 0.6694 0.7764 0.7748 CASE2
t+13 847.02 690.24 557.08 CASE3 t+13 0.6118 0.7405 0.7406 CASE3
t+14 911.21 746.72 599.97 CASE3 t+14 0.5513 0.69 0.6953 CASE3
t+15 971.71 811.66 650.12 CASE3 t+15 0.4824 0.6583 0.6667 CASE3
t+16 1,033.81 881.60 702.57 CASE3 t+16 0.4326 0.5507 0.5822 CASE3
t+17 1,092.46 945.48 764.32 CASE3 t+17 0.3805 0.481 0.5118 CASE3
t+18 1,154.78 988.08 827.86 CASE3 t+18 0.3276 0.4216 0.4388 CASE3
t+19 1,209.45 | 1,028.08 883.94 CASE3 t+19 0.2784 0.3666 0.3754 CASE3
t+20 1,27368 | 1,070.45 938.99 CASE3 t+20 0.234 0.3114 0.3142 CASE3
t+21 1,320.08 | 1,113.46 981.23 CASE3 t+21 0.195 0.2657 0.2671 CASE3
t+22 1,349.45 1,146.95 1,013.97 CASE3 t+22 0.1626 0.2278 0.2324 CASE3
t+23 1,367.11 1,175.37 | 1,039.88 CASE3 t+23 0.1363 0.197 0.2034 CASE3
t+24 1,374.41 1,195.02 1,048.15 CASE3 t+24 0.1116 0.1793 0.1882 CASE3
1,400 1.
1,200
08
1,000 .‘g
2 500 g 06
= a
g 600 E
3 G504
400 7 o §
02
= =
n - ‘ CASE3 0
0 5 10 Time (hr) 15 20 25 0 5 10 Time (hr) 15 20 25

Fig. 4. RMSE Comparison according to CASE

-

(371 CASE®} 167 23)e] A¥E daAIE R 3
o] vk Table 8, Figs. 6 and Fig. 7).

RMSEE AF8-3t Wl A& grid partitioning 52
AL A3kl @ %17} subtractive clustering HHS A
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-
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! Zn} v

tioning & AHS-SE Aol HF| €53 T2 Ao= 1

EFstt}. Subtractive clustering ¥ 2] A2} A] ARG S E AR el W2 SR oS Ad) vlaL

= Ag3 Aytel AR clustering ¥H4 e =717F & £ 98 dEAE A&l W 37) CASESY, 370 cluster—

785 A oS5 ARl A gk A3E BT Table 9, ing WHol| w2 2o AxE #E7kT vluste] RMSE

Fig. 7). o} AAAGFE 443 5 Table 52 A~M2E7HA] 1574

Table 8. RMSE Comparison according to Cluster— Table 9. R? Comparison according to Clustering

ing Method Method

GP R=02 | R=03 | R=0.4 best GP R=02 | R=0.3 | R=04 best

t+1 11,298 64 64 62 | R=04 t+1 0.3688 | 09971 | 09971 | 09972 | R=0.4
t+2 20,238 103 102 98 | R=04 t+2 0.3032 | 09927 | 0.9928 | 09933 | R=0.4
t+3 22,621 157 155 150 | R=04 t+3 0.2831 | 09831 | 09834 | 09845 | R=0.4
t+4 36,075 218 216 209 | R=04 t+4 0.2406 | 09672 | 0.9681 | 09703 | R=0.4
t+5 40,046 287 281 273 | R=04 t+5 02223 | 09449 | 09472 | 09501 | R=0.4
t+6 45,846 358 341 334 | R=04 t+6 0.1929 | 09155 | 0.9226 | 09265 | R=0.4
t+7 53,783 425 403 395 | R=04 t+7 0.1779 | 0.8814 | 0.8934 | 0.8981 | R=0.4
t+8 61,694 482 456 449 | R=04 t+8 0.1611 | 0.8505 | 0.8659 | 0.8712 | R=0.4
t+9 76,763 536 506 499 | R=04 t+9 0.1453 | 08179 | 0.8376 | 0.8443 | R=04
t+10 88,572 583 554 546 | R=0.4 t+10 | 0.1452 | 0.7843 | 0.8085 | 0.8157 | R=0.4
t+11 | 104,249 623 595 587 | R=04 t+11 | 0.1323 | 0.756 0.781 0.7877 | R=0.4
t+12 | 121,841 670 640 632 | R=04 t+12 | 0.129 0.7201 | 0.7468 | 0.7538 | R=0.4
t+13 | 135,647 722 691 681 R=0.4 t+13 | 0.1213 | 0.676 0.7047 | 07123 | R=0.4
t+14 | 153,954 774 749 735 | R=04 t+14 | 0.1063 | 0.6267 | 06475 | 06625 | R=0.4
t+15 | 167,700 836 808 790 | R=04 t+15 | 0.1103 | 05834 | 0.6039 | 0.62 R=0.4
t+16 | 185213 892 870 856 | R=0.4 t+16 | 0.1017 | 05031 | 05229 | 05395 | R=0.4
t+17 | 192,496 945 935 922 | R=04 t+17 | 0.0832 | 04459 | 0.453 04745 | R=0.4
t+18 | 209,875 | 1,001 994 975 | R=04 t+18 | 0.0794 | 03835 | 0.3901 | 04144 | R=0.4
t+19 | 232978 | 1,066 1,041 1015 | R=04 t+19 | 0.0807 | 03159 | 0.3389 | 0.3656 | R=0.4
t+20 | 262,042 | 1,120 1,090 1073 | R=04 t+20 | 0.0806 | 02619 | 0.2872 | 0.3105 | R=0.4
t+21 | 277475 | 1,174 1,145 1,095 | R=04 t+21 | 0.0773 | 02123 | 0238 | 0.2769 | R=0.4
t+22 | 289,330 | 1,222 1,168 1,120 | R=04 t+22 | 0.0707 | 0172 0.2048 | 02459 | R=0.4
t+23 | 304,387 | 1,249 1,188 1,146 | R=04 t+23 | 0.0661 | 0.144 0.1764 | 02163 | R=0.4
t+24 | 316,373 | 1,254 1,199 1,165 | R=04 t+24 | 0.0638 | 0.1292 | 0.1552 | 0.1947 | R=0.4

1,400 1.
1,200
0.8
1,000
ﬁ 'E 0.6
0
-u £
@
=600 %o
400 z;
0.2
GP
200 —pr=021 | - f07
---R=0.3 R=0.3
R=0.4 8. R=0.4
0 - T ; ! Y o 5 10 15 20 25
0 5 10 Time (hr) 15 20 25 Time (hr)
Fig. 6. RMSE Comparison according to Clustering Fig. 7. R? Comparison according to Clustering
Method Method
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Table 10. RMSE Comparison according to Using
Forecasted Precipitation Data (1)

Table 11. RMSE Comparison according to Using
Forecasted Precipitation Data (2)

MO M1 M2 best MO M1 M2 best RMSE

t+1 62.2 63.8 64.1 MO t+1 C MIE MZ2E C 61.2

t+2 101.0 101.0 101.0 MO t+2 C MI1C M2C C 96.7

t+3 152.4 153.0 155.8 MO t+3 C Mi1C M2C C 145.6

t+4 212.5 213.9 216.5 MO t+4 C Mi1C M2C Mi1C 205.8

t+5 277.8 280.7 282.7 MO t+h C MIE M2C C 267.1

t+6 344.9 346.0 341.9 M2 t+6 C MIE M2C M2C 3274

t+7 406.7 409.8 406.5 M2 t+7 C Mi1C M2C C 392.2

t+8 460.2 466.6 459.6 M2 t+8 C Mi1C M2C M2C 446.2

t+9 512.7 519.1 508.6 M2 t+9 C Mi1C M2C M2C 498.9

t+10 561.4 566.3 555.1 M2 t+10 C MiC M2B M2B 5404

t+11 607.6 609.1 588.7 M2 t+11 C MI1C MZ2A M2A 5771

t+12 655.9 656.0 629.9 M2 t+12 C MI1A M2A M2A 614.3

t+13 704.2 710.1 630.0 M2 t+13 C MI1A M2A M2A 655.1

t+14 7575 766.7 733.7 M2 t+14 C MI1A M2A M2A 706.

t+15 814.2 826.5 792.8 M2 t+15 C MI1A M2A M2A 764.1

t+16 873.1 886.4 858.5 M2 t+16 C Mi1C MZ2A M2A 824.9

t+17 927.1 953.2 921.9 M2 t+17 B Mi1C MZ2A M2A 890.4

t+18 973.3 1010.4 987.0 MO t+18 C MI1A MZ2A M2A 943.6

t+19 1017.5 1057.6 1046.4 MO t+19 C MI1A MZ2A C 994.8

t+20 1062.4 11165 1104.2 MO t+20 C MI1A MZ2A C 1,035.8

t+21 1108.2 11504 1156.2 MO t+21 C MI1A M2A C 1,076.2

t+22 1138.9 1182.0 1189.5 MO t+22 C MI1A M2A C 1,109.7

t+23 1167.1 1200.8 12145 MO t+23 C MI1B M2A C 1,137.9

t+24 1186.1 1210.6 12209 MO t+24 C MI1A M2A C 1,153.7
g 47 Bisha 271 oz wsdk A & M0 Bae] $59 A9E Ui dSa 95
WA= 1670 R R Fateh g MO, M1, M2 Ry o s wake] Al diAA o= (+10A1R7A] A A 08
wiete] o] Witste] HASGOR(Table 10, Table  ol4be] H& A4 BT, 16417k 15714 A7
12), 7 A= 157 B Hrsk ghS MO, M1, M2 T 05 oo S Btk 28 A5 05 olske] gk
392 AARYPS A F MY ) mPS A Avkel Qlrka B9 49 T oS 2wt B3

RMSES A8 Hlal & Hatghs o]-8-3F Bla(Table
10)ellM+= t+6~t+17AZE oSl A= M2 o] 7 -
T AIE B Y A] AR = MO o] -k
AaE Hepl ek RMSES ARS-]E Hlal 5 MO, M1, M2

ok
23o] 953 AFE WY1, t+6A] 7} t+8~t+18A| 71l
] o] 9-5g AuE Bl om Y] AJ7te] A
= ? W= Jeholth BAAGE AR
g v F Fergks o8¢k Blal(Table 12)oA= t+64]
T tH9~t+15A1FF el Sl M2 23] 7P 3k 2
= B a1, vR] A7t A= MO E&o] $5=3F A=
BAtk AGATE ARESE HlaL 5 MO, M1, M2 233
Argo] vlul(Table 13)ollA= t+6~t+18A1XF oS0l A
M2 E3o] 7} 955 A5 B, vmA] A7k A
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Table 12. R* Comparison according to Using Fore-
casted Precipitation Data(1)

Table 13. R?> Comparison according to Using
Forecasted Precipitation Data(2)

MO M1 M2 best MO M1 M2 best R?
t+1 0.9973 0.9971 0.997 MO t+1 C MI1D M2D C 0.9973
t+2 0.9931 0.9929 0.9929 MO t+2 C MI1B MZ2E C 0.9934
t+3 0.9842 0.9837 0.983 MO t+3 C MIE M2C C 0.9852
t+4 0.9694 0.9685 0.9677 MO t+4 C MiC M2C C 0.9707
t+5 0.9483 0.9475 0.9464 MO t+5 C MIE M2C C 0.9514
t+6 0.9209 0.9214 0.9222 M2 t+6 E MIE M2C M2C 0.9284
t+7 0.8916 0.8903 0.891 MO t+7 C MIC M2C M2C 0.8994
t+8 0.8637 0.861 0.8631 MO t+8 C MIC M2C M2C 0.8733
t+9 0.833 0.8308 0.836 M2 t+9 E MI1C M2C M2C 0.8459
t+10 0.803 0.7996 0.8059 M2 t+10 C MI1C M2C M2C 0.8161
t+11 0.773 0.7681 0.7837 M2 t+11 C MI1C M2C M2C 0.7939
t+12 0.7378 0.7324 0.7505 M2 t+12 C Mi1C M2C M2C 0.7625
t+13 0.699 0.6858 0.7082 M2 t+13 C Mi1C M2C M2C 0.7208
t+14 0.6486 0.6302 0.6579 M2 t+14 C Mi1C M2C M2C 0.6734
t+15 0.5968 0.5918 0.6188 M2 t+15 B MIi1C M2A M2A 0.6327
t+16 0.5297 0.5067 0.5291 MO t+16 C MIi1C M2A M2A 0.5538
t+17 0.4691 0.4419 0.4624 MO t+17 A MIC M2A M2A 0.4876
t+18 0.409 0.3821 0.3968 MO t+18 C MI1A M2A M2A 0.4319
t+19 0.3548 0.3315 0.3341 MO t+19 C MI1A M2A C 0.3719
t+20 0.3053 0.2778 0.2766 MO t+20 C MI1A M2A C 0.3209
t+21 0.2535 0.2404 0.234 MO t+21 C MIA M2A C 0.2736
t+22 0.2183 0.2064 0.1981 MO t+22 C MIA MZ2A C 0.2356
t+23 0.1887 0.1796 0.1683 MO t+23 C MI1B M2A C 0.2041
t+24 0.1675 0.1637 0.1479 MO t+24 C MIA M2A C 0.1823

Dt
Tt

=000

) = EE TR T o muu -1o00,
Tite ()

(a) MO Model Result

Ve he)

(b) M1 Model Result

Time

(c) M2 Model Result
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