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Abstract

Today, the use of intelligent models in simulating runoff has been widely used in water resources
management. In this study, in order to predict the daily flow time series of the Morghak hydrometric
station in Karun basin, an intelligent model of artificial neural network combined with wavelet analysis
has been used. For this purpose, the ERA-INTRIM observational and analytical precipitation time series
for 16 years (1378-1382) was decomposed by wavelet transform into frequency subsets, then each subset
separately as input data to the artificial neural network model was introduced. The results showed that the
analytical data have a high ability to simulate runoff precipitation models and can be a good alternative to
observation data of rainfall stations. Also, according to the results of the wavelet transform technique, it
can be effective in improving the performance of the simple ANN model for the Bazoft basin by 38% on
a daily scale and 72% on a monthly scale.

Introduction

Estimation and forecasting of precipitation and its runoff have played effective and critical role in the
watershed management and proper utilization of watershed, dams, and reservoirs and finally minimizing
the damage caused by floods and drought. Therefore, this subject is the hydrologist’s interest. Predicting
any event forms the basis of crisis management, and when this goal can be achieved, the predicting
model could be accessed. Several methods are used for predicting hydrological events such as
precipitation. Using each of these methods is always with some error in results. Accurate prediction of
hydrological signals such as precipitation can provide useful information to predict amount of
precipitation for water resources and soil management in a basin. In addition, correct prediction of
hydrological signals plays an important role in reducing the effects of drought on water resources
systems. Hydrological systems are affected by many factors such as climate, land cover, soil infiltration
rates, evapotranspiration which is dependent on stochastic components, multitemporal scales, and above-
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mentioned nonlinear characteristics. Despite nonlinear relationships, uncertainty, and high lack of
precision and variables temporal and spatial characteristics in water circulation system, none of the
statistical and conceptual models which are proposed for accurate precipitation and runoff modeling were
able to become a superior and capable model. Today, nonlinear networks are widely used as one
intelligent system in predicting such a complex phenomenon. One of the methods that have been
considered in recent years in the field of hydrology is the application of wavelet transform as new and
effective method in signals and time series analysis. Monthly modeling and predicting of river flow D4
structure was used with application of wavelet neural network method and monthly flow data from two
stations (Gerdelli Station on Canakdere River and Isakoy Station on Goksudere River) in the Eastern
Black Sea, Turkey.

The neuro-wavelet model improved by two methods: combining discrete wavelet transform and
multilayer perceptron (MLP) to predict monthly flow, compared with multilayer perceptron models of
multilinear regression (MLR) and auto-correlated model (AR). Improvement in the performance of
artificial neural networks (ANN) to predict seasonal time series was reviewed. So several structures of
proposed artificial neural network are presented to predict seasonal time series. The model for four full
time series was tested. The results of proposed neural network had been compared with the results of
current statistical models and other structures of neural network. This comparison showed that the
proposed model of neural network has less prediction error than other methods (Nourani et al., 2011).
Approach improvement based on the precipitation-runoff modeling using a combination of artificial
neural network-wavelet is performed, which shows the model that precipitation and discharge data
entered as an input outperformed than the model just precipitation was entered as an input. Precipitation-
runoff model using a combination of wavelet-neural network model is presented. According to the fitted
coefficients (R2), Root Mean Square Error (RMSE) concluded that the hybrid model of wavelet neural
network is more efficient than the neural network and regression (Nourani and Komasi, 2013).

Materials and Methods

Bazoft basin is one of the sub-basins of big Karun with an area of 2973 square kilometers, which is
located in the central part of the basin. This basin is completely mountainous and high, so that 2924
square kilometers are highlands. The minimum height in the basin is 861 meters and the maximum is
4091 meters above sea level in the northern parts. The average altitude in this area is 2115 meters above
sea level. The Bazoft River is one of the most important tributaries of the Karun River, which originates
from the foothills of the high Turks and Minar Mountains, 80 km southwest of Frieden. The length of
this river is 160 km and its catchment area is located in high, snowy and mountainous areas and has a
constant flow of water. The long-term average flow of this river at Marghk station is about 69.1 cubic
meters per second. Figure (1) shows the location of the Bazoft basin. In this research, the Morghak
station has been used to calibrate and validate the prediction models.
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Fig. 1- Location of meteorological and hydrometric station of Morghak in the Bazoft basin
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Table 1- Results of ANN model in daily and monthly time scales

Precipitation  Network

data structure Input variables (R?)
Training Validation
ERA-Intrim  (2,9,1) P(t), E(t) 0.782 0.762
Observations  (2,6,1) 0.780 0.784
ERA-Intrim  (4,9,1) 0.776 0.679
Observations  (4,6,1) P(t), P(t-1), E(t), E(t-1) 0.795 0.789
ERA-Intrim  (6,11,1) 0.785 0.779
Observations ~ (6,11,1) PO, P(t-1), P(-2), B(), E(t-1), E(t-2) 0.803 0.793
ERA-Intrim  (8,14,1)  P(t), P(t-1), P(t-2), P(t-3), E(t), E(t-1), E(t-2), 0.794 0.779
Observations  (8,14,1) E(t-3) 0.786 0.790
ERA-Intrim  (10,14,1)  P(t), P(t-1), P(t-2), P(t-3), ), P(t-4), E(t), E(t- 0.789 0.780
Observations ~ (10,9,1) 1), E(t-2), E(t-3), E(t-4) 0.794 0.788

Results and Discussion

In order to model the rainfall-runoff process of the basin, the Multi-Layer Perceptron (MLP) model
with feed-in network structure was used. This type of neural network model with error propagation
algorithm is widely used in modeling hydrological parameters (ASCE, 2000). In this study, five input
models were used for the neural network model, the results of which are presented in Table (1). Each
MLP model was trained with 3-20 hidden neurons in the hidden layer and the Lorenberg-Marquat
training algorithm. It has been shown that when the number of hidden layer neurons exceeds the
threshold, it does not have a significant effect on model performance (Abrahart and see, 2000). In this
modeling based on evaluation criteria, the model did not show good results on a daily time scale, which
may be due to the presence of unstable signals in the data. Increasing the time steps to enter the ANN
model did not significantly improve the performance of the model, but in general, due to the ease of
access to ERA-Intrim data and good performance as well as observational data, its neural network
structures were selected as the appropriate model. Also, three time steps were selected as the appropriate
input for using the model. In the next step, by combining wavelet analysis and ANN model, the effect of
mother wavelet type and analysis level on the performance of WANN model was investigated. In this
study, the time series of data were analyzed with Haar mother wavelets (simple mother wavelet) and db-4
(complex mother wavelet) at different levels. Then, the obtained subsets at different levels were
considered as the input of ANN model. According to the results, the db-4 mother wavelet performs better
than the Haar mother wavelet. It should be noted that the level of decomposition of rainfall and runoff
time series was considered the same. The scatter plot and time series of the observational data and the
selected model are given in Figures (2) and (3). As shown in the simulated flow dispersion diagram using
the hybrid model, this model had an estimated minimum of 18% in the simulated flow rate estimation at
discharges above 400 cubic meters per second.
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Fig. 2- Selected time series of neural wavelet model for Morghak hydrometric station
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Fig. 3- Dispersion diagram of selected wavelet-neural model for Morghak hydrometric station
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Table 1- Details of meteorological stations of Bazoft catchment

di (t+1)
d2 (t+1}
-I— — — — —

. Height Longitude Latitude Latitude Station
Station Type (m) (Degree) (Degrees) (Degrees) Code
Goshehpol-  Ordinary 1712 49.94 32.36 1985 21435
Baran rain gauge
crgg;?n Evaporation 1531 50.03 32.21 1996 21150
Chaman  Ordinary 1500 50.03 322 . 42140
Goli rain gauge
Morghak Evaporation 949 50.45 31.66 2000 21233
il 3 T Ao g (5 509 md S0l Silaskin - Jous
Table 2- Specifications of Bazoft catchment hydrometric stations
Station Tvpe Height Longitude Latitude Latitude Station
yp (m) (Degree) (Degrees) (Degrees) Code
Goshehpol- Grade 4 1716 49.94 32.36 Ab Torki 21435
Baran water meter
Tashnavu Craded 475 49.90 32.38 Tashnavi 21996
water meter
Shahid Khedri  Gradel —q50p 49.85 32.39 Bazoft 21060
Bridge water meter
Mavarz Cradel 4 74 50.07 32.17 Bazoft 21476
water meter
Booeeneh Grade4 675 49.85 32.41 Shengi 21481
Shengi water meter
Grade 1.
Morghak 913 50.45 31.66 Bazoft 21233

water meter
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Observational data of Morghak dropping station
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Fig. 3- Daily flow chart of Morghak hydrometric station
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Fig. 4- Graph of average rainfall and daily evaporation of ERA-Intrim database for Bazoft
catchment
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Table 3 - Summary of hydrometric and meteorological data used in the present study

Station name Station type Average(cms)  Maximum(cms) Minimum(cms) Coefficient of
Variation

Morghak Hydrometry 3341 680 1.97 41.42

ERA-Intrim Rainfall 1.34 57.55 0 5.31

Observations Rainfall 2.28 136.79 0 8.14
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Table 4- Input structures to model in daily and monthly time series

Template number Model input pattern Output
Input pattern 1 P(t), E(t) Q(t+1)
Input pattern 2 P(t), P(t-1), E(t), E(t-1) Q(t+1)
Input pattern 3 P(t), P(t-1), P(t-2), E(t), E(t-1), E(t-2) Q(t+1)
Input pattern 4 P(t), P(t-1), P(t-2), P(t-3), E(t), E(t-1), E(t-2), E(t-3) Q(t+1)
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Table 5- Results of ANN model in daily and monthly time scales

Precipitation

Network

i 2
data structure Input variables (R?)
Training Validation
ERA-Intrim  (2,9,1) P(t), E(t) 0.782 0.762
Observations  (2,6,1) 0.780 0.784
ERA-Intrim  (4,9,1) 0.776 0.679
Observations ~ (4,6,1) P(t), P(t-1), E(t), E(t-1) 0.795 0.789
ERA-Intrim  (6,11,1) 0.785 0.779
P(t), P(t-1), P(t-2), E(t), E(t-1), E(t-2
Observations  (6,11,1) (©), P(E1), P(t2), B, E(-1), E(-2) 0.803 0.793
ERA-Intrim  (8,14,1)  P(t), P(t-1), P(t-2), P(t-3), E(t), E(t-1), E(t-2),  0.794 0.779
Observations  (8,14,1) E(t-3) 0.786 0.790
ERA-Intrim  (10,14,1)  p(t), P(t-1), P(t-2), P(t-3), ), P(t-4), E(t), E(t- 0.789 0.780
Observations  (10,9,1) 1), E(t-2), E(t-3), E(t-4) 0.794 0.788
Ly (59939 891 (519 WANN fow 3 Jolo s -1 Jous
Table 6- Results of WANN model for optimal input pattern
Decomposition Evaluation criteria
Mother wavelet Le;\:/}el RMSE MAE R? NS
Db-4 2 0.031 0.3189 0.80 0.73
Db-4 3 0.028 0.2901 0.81 0.75
Db-4 4 0.025 0.2789 0.83 0.76
Db-4 5 0.025 0.2781 0.83 0.75
Haar 2 0.038 0.3856 0.79 0.71
Haar 3 0.035 0.3528 0.82 0.74
Haar 4 0.032 0.3598 0.82 0.73
Haar 5 0.032 0.3412 0.83 0.73
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Fig. 5- Selected time series of neural wavelet model for Morghak hydrometric station
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Fig. 6- Dispersion diagram of selected wavelet-neural model for Morghak hydrometric station
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