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Abstract

In recent years, data-driven modeling techniques have gained
numerous applications in hydrology and water resources
studies. River runoff estimation and forecasting is one of the
research fields in which these techniques have several
applications. In the current study, four data-driven modeling
techniques of multiple linear regression, K-nearest neighbors,
artificial neural networks, and adaptive neuro-fuzzy inference
systems have been used to form runoff forecasting models
and then their results have been evaluated. Also, effects of
using some different scenarios to select predictor variables
have been studied. It was evident from the results that using
flow data related to one or two months ago in the predictor
variables dataset can improve the accuracy of the results. In
addition, comparison of general performances of the
modeling techniques showed superiority of KNN models
results among the studied models. The selected KNN model
presented best performance with a linear correlation
coefficient equal to 0.84 between observed flow data and
predicted values and a RMSE equal to 2.64.
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Table 1. Some of studies related to application of the data-driven modeling for stream flow prediction
Wlhdg, Ul (i ) Lno 0315 (o0 3,15 4 gy po Olalllae (A - ) Jo>

Data-Driven Modeling Technique

Studies

Karlsson and Yakowitz (1987); Brath et al. (2002); Mehrotra and Sharma

(2006); Praire et al. (2006); Solomatine et al. (2008); Elshorbage et al.

KNN (2010a,b); Salas and Lee (2010); Lee and Ouarda (2011); Jiang et al.
(2013); Silva-Ramirez et al. (2015)
Minns and Hall (1996); Abrahart and See (2000); Abrahart (2003); Huang
ANN et al. (2004); Jeong and Kim (2005); Parasuraman and Elshorbagy (2007);
Solomatine et al. (2008); Elshorbagy et al. (2010a); Nourani et al. (2013)
ANFIS Chen et al. (2006); Aqil et al. (2007); Mukerji et al (2009); Pramanik and
Panda (2009); Talei et al. (2010); Ghose et al. (2013); Talei et al. (2013)
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Fig. 1. Geographical location of the Sarab-Hendeh hydrometric station in the Daryacheh-Namak basin
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Table 2. The values of correlation coefficient for the results of MLR models
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Fig. 2. Linear correlation coefficient between observed data and results of KNN models for 1 to 25 nearest
neighbors
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Fig. 3. Linear correlation coefficient between observed data and results of the ANN models for 1 to 40 hidden
layer neurons
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