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4.. Artificial Neural Networks
5. Data Mining
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5. Multilayer Perceptron
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1. Adaptive Nero Fuzzy Inference System (ANFIS)
2. Genetic Expression Programming (GEP)

3. Autoregressive Moving Average (ARMA)

4. Decision Tree model
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Tablel. Physiographic characteristics of Aharchay

watershed at Orange hydrometric station
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Fig 1. Geographical location of Aharchay watershed and
Orang station
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Table 2. Statistical characteristics of daily discharge data of Aharchay river at Orang station
Ogeil gbaosls Jsb E5gel glaesls Ik Laesls IS sk Mm¥/s) Jlxs Gl il .S i Sl
(m/s) (m*/s) (m/s)
Length of Test Length of Length of total ~ Standard Deviation ~ Min (m’/s) Max(m’/s) Mean (m?/s)
data Training data data (m¥/s)
724 2158 2882 1.88 0.0 18.20 1.49
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1 . Elman Neural Networks (ENN)
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Fig 2. The structure of the ElIman Neural Networks (ENN)
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Table 3. The correlation between discharge of current day and last
days at Orang station

St gy 20
Correlation coefficient Daily lag

0.90 1

0.85 2

0.81 3

0.78 4

0.75 5

0.72 6

0.69 7

0.66 8

0.64 9
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2. Waikato Environment for Knowledge Analysis
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Table 4. The used scenarios for predicting daily discharges at Orang station

s34,

J-ljl-'w“

Inputs

Scenario

Q)
Q®, Q(t-1)

Q(®), Q(t-1), Q(t-2)

Q(®), Q(t-1), Q(t-2), Q(t-3)
Q®), Q(t-1), Q(t-2), Q(t-3), Q(t-4)
Q(®), Q(t-1), Q(t-2), Q(t-3), Q(t-4), Q(t-5)
Q®), Q(t-1), Q(t-2), Q(t-3), Q(t-4), Q(t-5), Q(t-6)
Q(), Q(t-1), Q(t-2), Q(t-3), Q(t-4), Q(t-5), Q(t-6), Q(t-7)
Q(®), Q(t-1), Q(t-2), Q(t-3), Q(t-4), Q(t-5), Q(t-6), Q(t-7), Q(-8)
Q(®), Q(t-1), Q(t-2), Q(t-3), Q(t-4), Q(t-5), Q(t-6), Q(t-7), Q(t-8), Q(t-9)
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Table 5. The results of different scenarios for the ENN model at Orang station

MAE RMSE R:

3 3 .
. (mYsec) — . (mY/sec) _ — — Sl gy lore Pt
0! o9 0! 3Tl 050! o9

. . . Network .
Test Training Test Training Test Training Scenario
architecture

0.007 0.003 0.192 0.060 0.80 0.85 1-3-1 S]
0.011 0.003 0.769 0.055 0.83 0.86 2-3-1 S2
0.013 0.007 0.349 0.059 0.84 0.86 3-3-1 S3
0.004 0.006 0.139 0.082 0.85 0.87 4-3-1 S4
0.020 0.007 0.563 0.083 0.87 0.87 5-3-1 85
0.020 0.006 0.564 0.078 0.86 0.87 6-3-1 S6
0.013 0.011 0.368 0.109 0.88 0.87 7-3-1 S7
0.018 0.012 0.498 0.113 0.89 0.88 8-3-1 Ss
0.001 0.013 0.028 0.117 0.90 0.88 9-3-1 39
0.009 0.015 0.250 0.125 0.89 0.88 10-3-1 S
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Table 6. The results of different scenarios for the M5 model at Orang station

MAE RMSE .
r(m3/sec) — ( m?/sec) _ _ — sk
095! o8] 055 S5 0505 S
Test Training Test Training Test Training Scenario
0.367 0.288 0.900 0.750 0.74 0.85 S,
0.317 0.306 0.734 0.802 0.83 0.83 S,
0.361 0.275 0.877 0.702 0.75 0.87 83
0.358 0.289 0.874 0.770 0.76 0.84 S,
0.358 0272 0.874 0.700 0.76 0.87 S,
0.358 0.307 0.874 0.799 0.76 0.83 S,
0.358 0.304 0.874 0.790 0.76 0.83 S,
0.358 0.307 0.874 0.798 0.76 0.83 S8
0.358 0.307 0.874 0.794 0.76 0.83 S,
0.360 0.307 0.870 0.794 0.76 0.83 S,
Table 7. Decision rules of scenario S2 for the M5 model
()"su ué.lﬁj
Rule Row
Py . Rule T
Ot +1)=0.9969x O(r)+0.0038x O(r —1)+0.0512  (then) ol o(t)<1.555 G 3
- L Rule 2
Ot +1)=0.8xQ(r)+0.0157x O(t —1)+0.4509 (then) o1 ot)<4.4 i) 3
- o Rule 3
O(t+1)=0.036x Q(¢)+0.4445x Ot —1)+3.7055  (then) o1 5.875<Q(r)<1 .5 i) 3
- ) _ Rule 4
Ot +1)=1.0684x (1)~ 0.4721x Ot —1)+3.7383  (then) o\ 5875<0(c)  GH 3
Rule 5

Ot +1)=4.4211
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Fig 3. Comparing the observed and predicted discharge values in the test period at Orang station for both of the ENN
(Scenario S9) and M5 model (Scenario S2).
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Fig 4. Observed discharge against predicted discharge in the test period at Orang station for a) Scenario S9 for the
ENN and b) Scenario S2 for the M5 model.
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Abstract

Daily Discharge Forecast of Aharchay River using MS Model Trees and Comparing
with Elman Neural Networks (ENN)

M.R. Abdollah Pourazad', M.T. Sattari* and R. Mirabbasi Najafabadi’
Received: 2014/03/10 Accepted: 2016/06/01

The correct estimation of river discharge is an important issue in forecasting of drought and floods,
designing of water structures, dam reservoir operation and sediment control. For this reason, water resources
managers used intelligent techniques such as Artificial Neural Networks and data mining methods such as
Decision Tree to reliably estimate the discharge in a river. In this study, the Elman Neural Networks (ENN)
and M5 model trees were used to forecast daily discharge of Aharchay River. The daily discharge data of
Aharchay River measured at the Orange hydrometric station was used for modeling. The results showed
that for the forecasting discharge of one day ahead, the ENN method presents more accurate results in
compression with M5 model. For forecasting discharge of one day ahead, the best scenario of ENN model
with a relatively complicated structure of 9-3-1 that indicating 9 nodes in input layer, 3 nodes in hidden
layer and 1 node in output layer, the calculated error measures were R2=0.90, RMSE=0.028 (m3/s) and
MAE=0.001 (m3/s). The corresponding values for M5 model with only two input parameters including the
discharge of current and last day, were R2=0.83, RMSE=0.734 (m3/s) and MAE=0.317 (m3/s). Comparing
the performance of ENN and M5 models indicated that, however the ENN approach may present more
accurate results than the M5 model tree, but the M5 model provides more understandable, applicable and
simple linear relation in forecasting daily discharge. In addition, the number of required input parameter
for M5 model is less than ENN model. Thus, the M5 model tree can be used as an alternative method in
forecasting daily discharge.
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