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Abstract

Background and Objective: Dams play an important role in development of countries by drinking
and agricultural water supply, flood control, hydropower energy supply and recreational purposes.
Constructing a dam and making an artificial lake has an important effect on surrounding environment,
so being able to forecast the inflow to the dam is an important issue for water resource management.
Method: In this study artificial neural network (ANN) was applied to forecast the monthly inflow
from Soofichai River to Alavian Dam. Regarding the huge amount of input data to ANN model and
for optimizing its application, proper orthogonal decomposition (POD) was used in order to determine
the best inputs for ANN model . Finally, the application of ANN and POD-ANN models was
evaluated by determination coefficient (R?), mean absolute error (MAE) and average of absolute
relative error (AARE).

Findings: Results of ANN and POD-ANN models indicated that although ANN output is close to the
observed values of inflow to the dam, but it has significant errors. POD-ANN model showed better
results than ANN model for high values of inflow. In generall, comparing R?, MAE and AARE values
of two models revealed that POD-ANN model had better performance in both calibration and
verification steps in comparison with ANN model. R?, MAE and AARE in verification step of POD-
ANN model were 0.93, 0.79, and 0.54, respectively.

Discussion and Conclusion: Preprocessing data contributes to better performance of POD-ANN than
ANN model, especially in high values of inflow. Therefore, it can be concluded that applying data
preprocessing and reducing inputs to ANN model enhances its performance.

Key words: Artificial Neural Network, Monthly Inflow, Alavian Dam, Proper Orthogonal
Decomposition.
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Figure 6.Predicted discharge by POD-ANN vs observed values in (a) calibration and (b) verification steps

55 YL polie b sla oo 0,51 5,0 ANN Jow cans sl
e Jdo 4 Wl oo & s (pl R0 0 Dy (295 &
s ANN Joo 4y g9,5 sl e (53, 32 53105 G
L awslie ,0 POD-ANN Jos ;o laog,9 olaws ials
s 45 o5 oanlie g5 o olpilis b ANN Jas
s ANN Jos 4 (69,9 slayiio 555 2 G230 0 0
Sorte Ly olyon Joo ol 4 (595,5 slo e Shaw rals

Sl 009y 1 5, Slee

@45 S8l i A g A Sla S 4 4z b coles o
T POD-ANN =S 5 Joe bawg edld g i
Mae blis 5 g ke 3 505 o JLis |, glovlive oo W,
255 Je mizmen 81 3929 o] o (502 Uyl gl
VL polide L (00 50 (riwions 5 (riwly dl> e g0
POD- (o5 5 Jae cnlpl el 1,55 5 ogllas o Slae
ANN  Jow 4 cons 65V c8s 51 a5l 5 ogde ANN

55 1 plosle s 4 (699,5 ailale (Ly> (o i 50



YAL (B A S0 A (6399 (S S 0y olrio 49 3T gy CulilB 55!

=== slosaliv polic

N
o

———POD-ANN lwgi ous (Lo sy y23lio

N
o

=
o

(MU ¥ u.a&n)ln) =)
[
a

(&)

o

xwilg al> o 40 QT Slowalicn polio Llio ;0 POD-ANN g o8 ol (gow sy polio-Y JCo

Figure 7. Predicted discharge by POD-ANN vs observed values in calibration step
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Figure 8. Predicted discharge by POD-ANN vs observed values in verification step
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