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Establishment and Application of Neuro—Fuzzy Real-Time Flood Forecasting

Model by Linking Takagi—-Sugeno Inference with Neural Network (I) :
Selection of Optimal Input Data Combinations
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Abstract

The objective of this study is to develop the data driven model for the flood forecasting that are
improved the problems of the existing hydrological model for flood forecasting in medium and small
streams. Neuro-Fuzzy flood forecasting model which linked the Takagi—-Sugeno fuzzy inference theory
with neural network, that can forecast flood only by using the rainfall and flood level and discharge data
without using lots of physical data that are necessary in existing hydrological rainfall-runoff model is
established. The accuracy of flood forecasting using this model is determined by temporal distribution and
number of used rainfall and water level as input data. So first of all, the various combinations of input
data were constructed by using rainfall and water level to select optimal input data combination for
applying Neuro-Fuzzy flood forecasting model. The forecasting results of each combination are compared
and optimal input data combination for real-time flood forecasting is determined.
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(a) Training Event

Date & Time.
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2
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Date & Time

(c) Test 1 Event

Rainfall(mm)

(d) Test 2 Event

Fig. 4. Events
Table 1. Character of Events
. . . Rainfall Intensity | Total Rainfall
Naming Period Duration (mm/hr) (mm) Purpose
S-1 03/7/22 02:20~7/23 12:40 34 hr 20 min 15.6 89.2 Training
S-2 04/7/11 19:00~7/14 05:10 58 hr 10 min 24.0 139 Checking
S-3 05/7/28 01:10~7/29 10:00 32 hr 50 min 24.0 36.2 Testing
S-4 06/7/11 22:00~7/13 20:00 46 hr 36.0 187.2 Testing
Table 2. Combinations of Input Data
Combination Input Data
Cases
Code Rainfall Water Level
Case 1 H01234 - H(t), H(t-1), H(t-2), H(t-3), H(t-4)
Case 2 RO_HO0123 R(t) H(t), H(t-1), H(t-2), H(t-3)
Case 3 RO1_HO012 R(t), R(t-1) H(t), H(t-1), H(t-2)
Case 4 RO12_HO01 R(t), R(t-1), R(t-2) H(t), H(t-1)
Case 5 R0123_HO R(t), R(t-1), R(t-2), R(t-3) H(t)
Case 6 R01234 R(t), R(t-1), R(t-2), R(t-3), R(t-4) -
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Table 3. Results of Subtractive Clustering

Case A Case B Case C Case D Case E
Range of influence 0.5 0.3 05 0.5 0.5
Accept ratio 0.5 0.9 0.5 0.3 0.3
Reject ratio 0.15 0.20 0.15 0.15 0.05
Number of membership function 2 3 3 5 8
Training error 0.01344 0.01349 0.01299 0.01101 0.01426
Checking error 0.01887 0.02293 0.01869 0.02567 0.02293
Testing error 0.01470 0.01519 0.01337 0.01732 0.01601
1.5 0 1.5 0
H01234 RO_H0123
Observed Observed
| (O-6-6 Forecasted | O-6-6 Forecasted
I Rainfall 5 I Rainfall 5
z z
g 1 S0 2 9 1 10
@ ERL H
15 15
0.5 L 20 0.5 L 20
0 30 0 30
Time (hr) Time (hr)
(a) Case 1 (b) Case 2
1.5 0 1.5 0
1 l F I RO1_H012 1 l F I R012_H01
Observed Observed
(O-6-6 Forecasted (G666 Forecasted
e, I Rainfall 5 I Rainfall 5
2 ” 2
g 1 g £ g 1 )
© = ® =
@ ERL H
15
0.5 L 20 0.5 L 20
0 30 1] 30
Time (hr) Time (hr)
(c) Case 3 (d) Case 4
1.5 0 3 0
R0123_H0 R01234
Observed Observed
| (656 Forecasted 25 - | (656 Forecasted
I Rainfall 5 I Rainfall 5
- g - ?
E R 3
g 1 2 g Jﬁ 10 &
] - ] -
@ ERL H
1L
J/\/\ .
0.5 -
0.5 L 20 0 L 20
0 30 0 30
Time (hr) Time (hr)
(e) Case 5 (f) Case 6

Fig. 5. Comparison of Results (Test 1)
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Table 4. Comparison of Statistics for Test 1 Results
Statistics Index
RMSE CC NSEC RPE RAD MAD
HO01234 0.0132 0.9984 0.9942 2.4195 0.0108 0.0108
RO_HO0123 0.0233 0.9985 0.9819 2.8737 0.0218 0.0219
RO1_HO12 0.0076 0.9995 0.9981 1.4533 0.0057 0.0057
RO12_HO1 0.0148 0.9973 0.9927 2.6259 0.0129 0.0129
RO123_HO 0.0194 0.9950 0.9875 1.7837 0.0147 0.0147
R01234 0.5647 -0.2589 -9.5975 65.8299 0.5192 0.5201
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MAD
0.0515
0.0455
0.0314
0.0483
0.0647
0.7328

RAD
0.0268
0.0236
0.0163
0.0251
0.0336
0.3808

PRE
3.3637
42191
0.5824
3.4620

11.2231
1.7146

Statistics Index

NSEC
0.9836
0.9894
0.9943
0.9876
0.9810
-0.3933

CcC
0.9938
0.9947
0.9972
0.9939
0.9905

-0.0597

0.0844
0.0680
0.0497
0.0733
0.0908
0.7785

RMSE

R012_HO1
R0123_HO
R01234

RO1_HO012

H01234
RO_HO0123

Table 5. Comparison of Statistics for Test 2 Results
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