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Fig.1 ANFIS Frame Based on Hybrid Algorithms
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Tab. 1 Prediction Results

EAEBREEK B R B R
Uepey  JIARE UIgeE MRS BBRE Vigpn  JIEREN O UIgGEE O MERE  RERE
RMSE(m) (s) RMSE(m) RMSE(m) RMSE(m) (s) RMSE(m) RMSE(m)
1 0. 186 6 0. 353 0.586 1 0.193 8 0.2399 0.2399
2 0.186 13 0.355 0. 541 2 0,193 15 0.239 9 0.239 9
3 0.186 20 0.317 0.554 3 0.193 21 0. 240 2 0.240 3
5 0.185 35 0.349 0.543 5 0.193 36 0.240 4 0.240 3
10 0. 185 70 0. 399 0.545 10 0.193 75 0.2410 0.240 1
20 0.185 152 0.349 0.543 20 0,192 158 0.243 8 0.238 7
50 0.185 387 0.389 0.549 50 0.191 383 0.250 1 0.238 3
100 0.185 742 0.389 0.549 100 0.189 766 0.259 9 0. 236 5
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Tab.2 Comparison of Prediction Results Between
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APPLICATION OF ANFIS IN FLOOD PREDICTION
IN MAIN STREAM OF THE YANGTZE RIVER

CHAU Kwok-wing', KONG Wen-bin*, WU Cong-lin', ZHANG Chang-zheng?

(1, Department of Civil and Structural Engineering. Hong Kong Polytechnic University, Hung Hom,Kowloon, Hong Kong,

China; 2. Changjiang Water Resources Commission, Wuhan 430010, China)

Abstract: As far as a flood-prone region is concerned, a rapid and accurate flood forecasting is especially
significant because it can extend the lead time for issuing disaster warnings, thus allowing sufficient time
for people in hazardous areas to take appropriate action, such as evacuation. Although they give a deep
clairvoyance to physical mechanism of flood forming, conventional conceptual forecasting models are
inconvenient for operational hydrologists in practice. Therefore, many called “black box” models based on
systems theoretic techniques, such as linear regression (LR),autoregressive moving average (ARMA),
and artificial neural network (ANN), are employed. Compared with conceptual models, often they can
provide a rapid prediction with an accepted degree of accuracy in view of depending only on data-driven
techniques. In the present study, a relative novel black box technology, namely adaptive-network-based
fuzzy inference system (ANFIS) in which Takagi and Segeno’s rule was adopted, was proposed for
streamflow forecasting in the main channel of the Yangtze River. In the meantime,a linear regression (LR)
model was used as the benchmark for ANFIS model evaluation. In the ANFIS model, back propagation
(BP) learning algorithm and hybrid learning algorithm (Combined BP and least squared error) were
applied to the model, respectively. In addition, in order to avoid overfitting of training data, a statistic
information-based data partition technique was used to split raw data into three parts:training data, testing
data,and validation data. Of them, testing data played a role as early stopping, which helps obtain the
optimal training epoch during addressing training data. Results showed that ANFIS model is superior to the
LR model, and the optimal model is the ANFIS model with hybrid learning algorithm and trapezoidal
membership functions for the present case. A further analysis revealed the powerful capability of ANFIS is
due to the local linear approximation technique being employed in ANFIS model, which improve the

capturing capacity for training data if the overfitting can be well controlled.

Key words: flood forecasting model;adaptive network;fuzzy inference system



