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Abstract

Estimating runoff in watersheds is of great importance in water resources management.The aim of this study was to compare the
efficiency of Artificial Neural Network and Multivariate regression in prioritizing climate factors affecting runoff generation in
research plots (areas of 10, 20, 30 and 40 m?) of Soil Conservation Research Database of Sanganeh. Sanganeh has an area of 50
hectares and is located in Khorasan Razavi province. For this purpose, the data of rainfall — runoff of 72 events was used in 32
plots. The multivariate regression relationships were created between the input variables (rainfall amount and intensity) and the
height of the surface runoff collected in the selected output plot (10, 20, 30 and 40 m?), plots with the same conditions on a slope,
plots on different slopes and finally, the total plots existing in the area. The results were indicative of a significant and positive
effect of climate variables on output runoff volume. The study showed a greater impact of rainfall variables than rainfall intensity
in the spatial scales under study. In addition, according to the parameter coefficient and Root Mean Square Error (R2, RMSE), it
can be concluded that multi-layer perceptron artificial neural network models are more accurate than multivariate regression
models.
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1. Introduction and its relationship with runoff is very complex and
difficult in the hydrological cycle (Hung et al., 2009;
French et al., 1992).The relationship between rainfall
and runoff is one of the most important and complex
hydrological processes that plays a very important role
in understanding hydrology and water resources. For
this reason, many studies have been carried out in this
area. In recent years, artificial neural networks
(ANNs), systematic theoretic/black-box methods,
have become one of the most promising tools to model
complex hydrological processes such as the rainfall-
runoff process. In many studies, ANNs have
demonstrated superior results compared to alternative
methods. According to Wechmongkhonkon et al.,
(2012), ANNs are able to map the underlying
relationship between input and output data without
prior understanding of the process under investigation.
The results indicated that ANNs are promising tools
not only in modelling complex processes in an

Understanding and prediction of runoff processes and
transferring the runoff to the watershed outlet is one of
the most fundamental issues in the science of
hydrology. Due to the interaction of various factors,
the behavior of hydrological cycle of watershed
changes into a relatively complex process. Therefore,
hydrological models are often used to evaluate it.
Estimation of runoff in the watersheds is of great
importance in water resources management. A great
deal of effort has been made in investigating the
methods that can support or alternate tools of
estimating runoff. Accurate data on rainfall is essential
for planning and management of water resources
(Hung et al., 2009). Due to the complexity of the
atmospheric processes that generate rainfall and the
great variations in the time series of scales both in
space and time, understanding and modelling rainfall
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accurate way, but also in providing insights from the
learned relationship which would assist the modeler in
understanding the process under investigation as well
as in evaluating the model. According to Mutlu et al.
(2008), the ANN model does not require detailed
knowledge of internal functions of a system in order
to recognize relationships between inputs and outputs.
Artificial Neural Networks (ANNs) have been widely
applied to model many of nonlinear hydrologic
processes such as rainfall-runoff (Hsu et al., 1995;
Shamseldin, 1997; Lorrai and Sechi, 1995; Minns and
Hall, 1996; Dawson and Wilby, 1998; Sajikumar and
Thandaveswara, 1999; Tokar and Johnson, 1999;
Rajurkaret al., 2002; Wilbyet al., 2003; Giustolisi and
Laucelli, 2005; Jain and Srinivasulu,
2006;Adamowski etal., 2012; Shrivastava etal., 2012;
Asadi et al., 2013; Mokhtari et al., 2013), rainfall
forecasting (French et al., 1992; Hung et al., 2009),
stream flow (Campolo and Soldati, 1999; Abrahart
and See, 2000; Dawson et al., 2002; Lauzon et al.,
2006), groundwater management (Rogers and Dowla,
1994) and water quality simulation (Maier and Dandy,
1996; Maier and Dandy, 1999) and shown to be one of
the most promising tools in hydrology (ASCE Task
Committee, 2000a,b; Maier & Dandy, 2000; Dawson
& Wilby, 2001). Previous studies have obviously
argued that ANN is a good approach and has a high
potential to forecast rainfall. The ANN is able to
model without prescribing hydrological processes,
catching the complex nonlinear relation of input and
output, and to solve without useing differential
equations (Luk et al., 2000; Hsu et al., 1995; French et
al., 1992). Dawson et al. (2002) evaluated two neural
networks: the popular multilayer perceptron (MLP)
and the radial basis function network (RBF).The
results showed that both neural network types can
simulate river flows better in the time series of the
training set. Dasturani et al. (2007) investigated the
performance of ANNs inference system and neural-
fuzzy adaptive modeling of rainfall-runoff in the river
basin of Zayanderuddam.The results of this study
showed that ANN and Fuzzy— Neural system
produced different results in different situations and
with different combinations of input variables, but all
these methods are acceptable to estimate runoff
resulted from rainfall using appropriate variables and
the use of Neural- Fuzzy network structures and
ANN:S. Nasri et al. (2010) estimated daily runoff from
daily rainfall in Pola Sobhan watershed using
multilayer Perceptron Neural Network. Their findings
showed that Perceptron neural network with four
hidden layer is more reliable in estimating runoff than
other networks.ZareAbiane and Bayat Varkeshi
(2011), wusing observed data, investigated the
applicability of experimental models, ANNs (ANN)
and Fuzzy Neural Network (CANFIS), in estimating
runoff. The results showed that intelligent neural
models have a high level of accuracy in estimating
runoff.Sarvi et al., (2010), investigated the effects of
climate change on the rainfall- runoff model, using
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methods which are based on mathematical logic and
using climate scenarios based on different climatic
conditions in Golestan dam watershed. A comparison
of precipitation and runoff from each scenario was
indicative of the effects of climate change on
precipitation and temperature, an increase in
temperature and a decrease in precipitation and runoff
from rainfall and occurrence of  drought
conditions.Keskin et al. (2003) used Fuzzy Logic for
predicting runoff using rainfall data in River Dim
which is located in the central Mediterranean. The
results suggested that the predictions made by fuzzy
logic has a good correlation with historical data and in
general, the results were appropriate and satisfactory.
Vieux et al. (2003) presented a distributed
hydrological model to simulate rainfall-runoff through
drainage. Their goal was to investigate regional and
local water management and emergency response
agencies. The results showed that the model was
effective. Parametric Multivariate Regression (MR) is
a widely used statistical data analysis technique that
can also be viewed as a supervised learning algorithm.
Assad et al. (2001) used a non-linear Auto-Regressive
Exogenous-input model (NARXM) river flow
forecasting output-updating procedure and compared
its performance with that of the linear Auto-
Regressive  Exogenous-input  (ARXM)  model
updating procedure, the latter being a generalization of
the widely used Auto-Regressive (AR) model forecast
error updating procedure. The results of the
comparison indicated that the NARXM procedure
performs better than the ARXM procedure. Lauzon et
al. (2006) used a clustering algorithm based on the
Kohonen neural network for discriminating daily
precipitation fields in a watershed into coherent
groups. The results demonstrated the relevance of the
proposed clustering method, which produces groups
of precipitation fields that are in agreement with the
global climatological features affecting the region,
with the topographic constraints of the watershed (i.e.,
orography). Although many studies have applied
different ANNs and Multivariate Regression
procedures to predict various water resource aspects,
few investigations have utilized these two procedures
to achieve runoff from experimental plots of
Sanganeresearch base. Hence, further investigations
are needed to achieve the rate of runoff in various
places. These methods proved to be efficient for
solving a number of various problems. In this paper,
this method was applied to estimate runoff.

The present paper deals with the application of the
neural network technique as an updating procedure for
estimating runoff and assessing its performance in
comparison with Multivariate Regression procedures.
The objectives of the present study are: (i) to develop
suitable regression and ANN models based on
minimum ground truth data for fast, cost-effective and
accurate assessment of watershed management and
(i1) to compare the two models and their performance
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reliability as a decision support tools with reasonable
accuracy towards livelihood security assessment.

2. The Study Area

The study area is Soil Conservation Research Center
of Sanganeh, established in the Shekarkalat Rangeland
located about 100 km northeast of Mashhad. This area
represents the dominant type of arid parts of Khorasan
Razavi in the ranglands. It is also of great importance
in terms of animal husbandry.Sanganeh research base
areca is more than 50 hectares. Sanganch average
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annual rainfall is less than 180 mm.A total of 92
experimental plots to measure runoff and sediment,
with a fixed width of 2 m and lengths 5, 10, 15 and 20
yards in different conditions of vegetation, slope and
soil depth were established and at the end of each plot,
a metal tank was installed to collect runoff. For more
information about intensity, duration and amount of
each rainfall event, two rain gauges were installed in
Sanganeh research base. Fig. 1 shows the location of
the study area. Fig. 2 shows examples of installed plots
in different situations.
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Fig. 1. Location of the study area.

Fig. 2. Examples of installed plots in different situations.

3. Materials and Methods

To establish the relationships between area rainfall-
runoff and prioritizing climatic factors influencing the
production of plots runoff, the data on rainfall- runoff
from 72 rainfall events in 32 experimental plots that
were obtainrd through the installation of tanks were
used to collect rain runoff and sediment. First, to select
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the appropriate plot for this study, bivariate regression
relationships between the input variables (rainfall
amount and intensity) and the output parameter
(runoff height) were investigated in 72 plots. Then, the
validation of generated regression relationships in the
selected plots was measured by rainfall- runoff
relationships from the control plots. In the next step,
multivariate regression relationship was generated the
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input variables (rainfall amount, intensity and
duration) and the height of runoff was collected in the
output plots (the control plots, A few examples of the
same plot, located on a slope, plots on different slopes
and finally, the entire study area) and according to the
results of the correlation matrix tables and analysis of
variance, in turn, the credit of the generated regression
models and input variables affecting runoff height in
the time series span(from 1996-2000 and 2006-2009)
in same area plots and in the whole area was
determined.In the next step, to determine the
important variables affecting runoff height, various
neural network models were generated using
NeuroSolution software in plots with different areas,a
few sample plots are located on a slope and finally the
whole study plots. For verification and comparison of
different neural networks, the actual amount of runoff
(measured) at the output of the study plots were
calculated. Moreover, the models which had the
highest and lowest amount of RMSE and R2 were
selected. Finally, a comparison between the results of
both methods (multiple regression and ANN) was
conducted to estimatethe output runoff.

3.1. Feed-forward Multilayer Perceptron (MLP)

The feed-forward Multilayer Perceptron (MLP) is the
most commonly used ANN in hydrological
applications. The structure of a three-layer MLP
consists of three layers; an input layer, a hidden layer,
and an output layer. The configurations of the ANN
model (the number of neurons in the hidden layer(s),
in this study a single hidden layer with six neurons, is
usually defined via a trial-and-error procedure with
different selections of inputs and different numbers of
hidden nodes. In order to obtain the optimal values of
these connection weights, ANNs must be trained. The
MLP is wusually trained using the error back-
propagation algorithm (Mutlu et al., 2008). For this
reason, we used a back-propagation algorithm
(Sudheer et al., 2002; Kalteh, 2008; Adamowski et al.,
2012; Asadi et al., 2013) for training the network, in
which the inputs are presented to the network and the
outputs obtained from the network are compared with
the real output values (target values) of the system
under investigation in order to compute error and then,
the computed error is back-propagated through the
network and the connection weights are updated. This
procedure, called training procedure, continues until
an acceptable level of convergence is reached.

3.2. Model Performance Comparison

The performance of different models may be assessed
in terms of goodness of fit. In this research, two
commonly used performance indices were used to
evaluate the accuracy of the models: correlation
coefficient (r) and the Root Mean Squared Error
(RMSE). The RMSE evaluates the variance of errors
independently of the sample size via the following
formula (Eq. 1):
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RMSE= [Z?=1(Q<ril>'6(i>) oS (1)

The correlation coefficient shows the discrepancy
between the observed and forecasted data and
indicates how close the points are to the bisector in the
scatter plot of the two variables. The correlation
coefficient (r) is calculated via the following formula

(Eq. 2):

_ Z?:l(Q(i)'G)(Q(i)'é)
N2 . \2
\/Z{LI(Q“)-Q) Zinzl(Q(i)'Q)

)

Where Q(i) is the estimated runoff value, Q(i) is

theobserved runoff value, Q is the mean of the

observed runoff values, and Q is the mean of the
estimated runoff values.

In order to compare the performance of MLR and
ANN, we divided the data sets randomly into 75
percent of the total data used to train the process and
25 percent of data used to test the process. Both MLR
and ANN were applied to the training data. Then, the
correlation between the observed runoff related to the
considered plot number and its estimated runoff was
computed by both methods using log-transformed
data. The correlation coefficients were interpreted as a
measure of prediction accuracy.

4. Findings and Discussion

4.1. Runoff Estimation

In this study, a three-layer feed-forward MLP model
was developed in order to estimate the monthly runoff
in a watershed in east northern Iran. As mentioned in
the study area and data section, the feed-forward MLP
model was developed using 5 input variables and 1
output variable which are defined based on the
problem at hand. However, we have chosen 3 neurons
in the hidden layer based on a trialanderror procedure.
It was observed that runoff can be reasonably well
simulated by using the developed feed-forward MLP
model. The results of the simple linear relations of the
variables of precipitation (rainfall intensity and
amount) and runoff in the study plots in the time series
d in 72 storm event showed that in all plots, there is a
significant relationship between the amount of rainfall
and runoff height (P-value<<0.05). Moreover, despite
the linear relationship between variables of the amount
of rainfall and runoff height, values of the
determination coefficient (R2) of regression equations
showed that as the area of plot increases, the effect of
rainfall on runoff production variables will decrease
per unit area. Figs. 3-a, 3-b, 3-c and 3-d show the
relationship between the amount of rainfall and runoff
height at various areas. Tables 1, 2, 3 and 4show the
significant effect of input variables related to the
amount of rainfall on the output runoff in plots with
different areas.
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Fig3. Simple linear relationship between the amount of rainfall and runoff height in plots ofa) 10 m? b) 20 m?, ¢) 30 m* and d) 40 n?.

Table 1. Analysis of variance in plots of 10 n?’.

Input variable

Constant coefficient | Standard deviation

T parameter p-value 95% lower 95% upper

(mm)

Intercept -0.35 0.1 -3.37 0.0009 -0.56 -0.14
the amount of Zgggll 0.08 0.005 13.96 0.00 0.06 0.09
(mm)
Table 2. Analysis of variance in plots of 20 n?.
Input variable Constant coefficient | Standard deviation | T parameter p-value 95% lower 95% upper
Intercept -0.11 0.06 -1.68 0.09 -0.24 0.01
the amou i1l 0.03 0.003 11.73 0.00 0.03 0.04

Table 3. Analysis of variance in plots of 30 n?.

Input variable

Constant coefficient | Standard deviation

T parameter p-value 95% lower 95% upper

Intercept -0.03 0.05

-0.53 0.59 -0.14 0.08

the amount ofrainfall 001 0.002
(mm)

6.44 0.00 0.01 0.02

Table 4. Analysis of variance in plots of 40 n?’.

Input variable

Constant coefficient | Standard deviation

T parameter p-value 95% lower 95% upper

Intercept 0.02 0.05

0.42 0.67 -0.08 0.12

the amount ofrainfall 0.01 0.002
(mm)

5.57 0.00 0.08 0.01

The results of validation and calibration of the
bivariate regression model between the rainfall
characteristics (amount and intensity of rainfall) and
runoff height showed that the best regression
equations generated parameter is related to the amount
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of rainfall and runoff height. Accordingly, validation
of regression models in the study plots was used by
relationships between the amount of rainfall and
runoff height. In other words, rainfall amounts of each
plot number were placed in the linear equation
between the amount of rainfall and runoff height



related to the plot which had the same length and the
runoff values were estimated. Then, the correlation
between the observed runoff related to the considered
plot number and its estimated runoff in excel software
was measured. The results of the validation in plots of
the same length in the time series of 72 storm
eventsshowed that between plots of 5 m length, the
best regression equations was observed in plots 26 and
76 with by replacing the amount of their rainfall in the
equations between the amount of rainfall and runoff
height (plots 24 and 32). In plots of 10 m length, the
best equations with higher coefficient of

determination and higher significance levels resulting
from rainfall in each plot was generated in rainfall-
runoff equation related to plot 16. In the plots of 15 m
length, the best regression equations was obtained in
the plot 35 by replacing the amount of rainfall which
is related to the plot 35 in rainfall-runoff equations in
the plots of 15 m length, in the plots 38 and 71. In the
plots of 20 m length, the best regression equation was
obtained in plot 31 by replacing the amount of rainfall
related to plot 31 in rainfall-runoff equations of plots
28 and 72.
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Fig. 4. The relationship between the observed and predicted runoff in plot 76: a) According to equation 24 and b) According to equation 32.

Tables 5, 6 and 7 show the results of the validation and
the best regression equations in the plots with the same
length in the period1996-2000 and 2006-2009. In all
plots, the observed runoff resulted from each plot was
compared with the estimated runoff of the same plot.
The estimated runoff is sometimes negative; this is
due to the insufficiency of the observational data and
incompatibility of other plots equations in the plots.

Fig. 4 shows the results of the validation and the best
generated models in the plots of 5 m length.

Fig. 5 shows the results of validation in plots of 10
m length that were obtained by replacing the amount
of rainfall related to plots 25 and 16 (which have the
same area as the aforementioned plots) in rainfall-
runoff equations in plots 16 and 70.

15000 +

y=1601.8x + 1232.2
R?=0.6617

10000

5000

Estimated runoff in equation of plot 16
()

Observed runoff in equation of plot 25 (mm)

y=0.5299x + 0.0752
R?=0.6773

N
[

equation of plot 70 Estimated

Estimated runoff height (mm) resulted from

o
W

Observed runoff height (mm) in plot 16

a

b

Fig. 5. The relationship between the observed and predicted runoff: a) in plot 25, according to equation 16 and b) in plot 16, according to
equation 70.
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Fig. 6 shows the best generated equations in plot 35 of
15 m length that its runoff has generated with

replacing the amount of rainfall related to plot 35 in
the rainfall-runoff equations related to plots 38 and 71.

Estimated runoff resulted from equation of
plot 71 (mm)
=)
W

0.2

a

y=0.7731x + 0.0138
R?>=0.5197

0.4
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*

_
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—
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of plot 38 (mm)
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b

Fig. 6. The relationship between the observed and predicted runoff in plot 35: a) According to equation 71 and b) According to equation 38.

Table 5. A few examples of the observed and estimated runoff values in plots of 10 m length, equation 16.

Estimated runoff related to plot Estimated runoff related to plot | Estimated runoff related to plot Observed runoff
16 in the equations of plot 30 16 in the equations of plot 27 16 in the equations of plot 25 related to plot 16
- -0.051 -0.007 0.391
0.076 0.134 0.245 0.0658
-0.214 -0.085 -0.055 0.065
0.034 0.102 0.201 0.092
-0.155 -0.041 0.005 0.087
0.084 0.139 0.253 0.138
2.16 1.708 0.396 1.026
0.046 0.11 0.213 0.482
0.138 0.18 0.308 0.087
0.413 0.388 0.593 0.343
0.337 0.33 0.514 0.162
-0.045 0.041 0.118 0.06
3.646 3.832 3.931 3.59
0.613 0.539 0.798 0.477
-0.168 -0.051 -0.007 0.391
0.076 0.134 -0.245 0.065
-0.214 -0.085 -0.05 0.06
0.034 0.102 0.201 0.092
-0.155 -0.041 0.005 0.087

Table 6. Anexample of the observed and estimated runoff values in plots of 15 m length, equation 35.

Estimated runoff related to plot
16 in the equations of plot 27

Estimated runoff related to
plot 16 in the equations of plot

The amount of rainfall

Observed runoff related to plot 16 (mm) related to plot 16

25

-0.027 0.062 0.151 4.4
0.031 0.118 0.118 7.6
0.021 0.108 0.042 7.05
-0.024 0.065 0.031 4.57
0.033 0.119 0.154 7.7
0.526 0.695 0.545 34.8
0.023 0.11 0.318 7.2
0.111 0.201 0.0126 12

0.879 1.165 0.905 54.2
0.158 0.252 0.024 14.6
0.052 0.14 0.017 8.8
0.857 1.135 0.52 53

0.231 0.335 0.678 18.6
0.253 0.36 0.157 19.8
0.588 0.775 0.242 38.2
0.224 0.326 0.041 18.2
0.093 0.181 0.151 11
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Table 7. An example of the observed and estimated runoff values in plots 0f20 m length, equation 31.

. Estimated runoff related to .
Egtln::la::l: z:ﬁ:tfifol;,eslzt: gl:)(; ;’;Ot plot 31 in the e;(;uatio ns of plot | Observed runoff related to plot 31 (Tnl:sl;‘ g;ztjot{)r;]l(:ltfglll

0.022 -0.062 0.152 44
0.049 0.031 0.031 7.6
0.017 -0.079 0.009 3.8
0.044 0.015 0.032 7.05
0.023 -0.057 0.024 4.57
0.05 0.034 0.025 7.7
0.487 0.83 0.0249 34.8
0.049 0.02 0.18 7.2
0.058 0.055 0.024 8.4
0.099 0.161 0.532 12

0.086 0.132 0.043 11

0.035 -0.015 0.021 6

0.946 1.402 1.77 54.2
0.132 0.237 0.213 14.6
0.062 0.067 0.031 8.8
0.915 1.366 0.748 53

0.19 0.355 0.344 18.6
0.056 0.049 0.065 8.2
0.029 -0.032 0.028 5.4
0.016 -0.085 0.004 3.6
0.053 0.043 0.03 8

Fig. 7 shows the best generated equations in the plot
31 of 20 m length whose runoff was generated by

replacing the amount of rainfall related to plot 31 in
the rainfall-runoff equations related to plots 28 and 72.

y=0.927x +0.0178

1.8 R*>=0.673

1.6

1.4

1.2

0.8

0.6

0.4

0.2

Estimated runoff resulted from equation of plot 28
(m)

0.5 1 1.5 2
Observed runoff in plot 31 (mm)

L4 y = 0.6495x + 0.0674
R>=0.673

Estimated runoff resulted from equation of plot 72

Observed runoff in plot 31 (mm)

a

b

Fig. 7.The relationship between the observed and predicted runoff in plot 31: a) According to equation 28 and b) According to equation 72.

The results of binary regression between climatic
variables and runoff height in plot 32 according to the
plot area shows that in all plots with the same area, the
amount of rainfall had a greater impact on output
runoff from plots and according to the analysis of
variance tables, both variables were significant only in
plots of 20 m length; the effect of rainfall intensity on
runoff generation was not significant.
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Tables 8 and 9 show the results of multivariate
analysis of variance in plots of 5 and 15 m length.
Table 10 shows the regression equations generated at
different levels.



Table 8. Multivariate analysis of variance by Forward technique in plots 5 m length.

Standard coefficient
Variable name T Parameter P-VALUE
Constant coefficient BETA

-0.354 0.67 -3.37 0.001

The amount of rainfall
13.96 0.00
The amount of rainfall -0.57 0.7 -4.72 0.00
0.16 14.28 0.00

Rainfall intensity
-34 0.001
Coefficient of determination 0.69
Table 9. Multivariate analysis of variance by Forward technique in plots 15 m length.
Variable name Constant coefficient The estimated c'o efficients of BETA P-VALUE
equation

) 0.02 0.15 0.46 0.69

The amount of rainfall
0.00
The amount of rainfall 0.06 0.016 0.49 0.31
0.019 0.2 0.000

Rainfall intensity
0.009
Coefficient of determination 0.49

Table 10. The regression equations generated at different levels in the entire period of data.

Regression equation The Plot area (m?) Equation Number
R=-0/57+0/08P+0/05P.1 10 3
R=-0/25+0/04P+0/02P.1 20 4
R=-0.06+0.01P+0/01P.1 30 5

R=0/03+0/01P-0/003V 40 6

The overall results obtained from the above tables
show that with increasing the area of plot, the effect of
rainfall input variables on plots runoff is reduced, and
it is quite reasonable. It should be noted that in all
cases studied, Pearson correlation matrix table was
studied between input variables. In most cases, there
was no significant relationship between variables that
entered the model (P-value>0.05). In a few cases, due
to the large volume of data, despite a very low
correlation between the input variable, a significant
relationship was found. The results of the bivariate
regression in plots of 10 m length and numbers 16 and
27 constructed in the south face of a concave slope and
with 60 percent steepness (two plots in the same
conditions mentioned), in the time series of 1996-2000
and 2006-2009 showed that only the amount of
rainfall has a significant effect on the plots runoff.

Plots 25 and 37 are located in the west of the concave
slope with 30-40 percent steepness. The results of the
analysis of variance table in the two plots shows that
the amount of rainfall and rainfall intensity has the
most significant effect on runoff output. In the
regression equation developed, given the constant
rainfall intensity, with the increase of Imm in rainfall,
runoff output will increase by 0.8. The correlation
coefficient of the regression equation is equal to 0.74.
In plots of 10 m length, plots 25 and 37 are located in
the west of the concave slope with 60 percent
steepness. The results indicated that the amount of
rainfall is more important than plots runoff (16 and
27). Tables 11 and 12 show the multivariate analysis
of variance in a few samples of the mentioned plots.
In the equations generated, P is the amount of rainfall
and R is the runoff height. Table 13 shows the
generated regression equations.

Table 11. Multivariate analysis of variance using Forward technique in plots 10 m length related to numbers 16 and 27, constructed in the south

face of concave slope.

The estimated coefficients of

Parameter Name Constant Coefficient . BETA T Parameter P-VALUE
equation
-0.16 0.38 0.64 -1.83 0.07
The amount of Rainfall
7.78 0.00
Coefficient of determination 0.64
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Table 12. Multivariate analysis of variance using Forward technique in plots of 5 m length related to plots 26 and 17, constructed in the southern

of concave slope.

Parameter Name Constant The estimated | gppy | T parameter P-VALUE
Coefficient | coefficients of equation
-0.26 0.07 0.64 -1.52 0.13
The amount of Rainfall
7.62 0.00
Coefficient of determination 0.64
Table 13. The regression equations developed in plots with the same environmental conditions.
Regression Equation The Number of plots Equation Number
R=-0.16+ 0.38P 27&16 12
R=-0.59+ 0.08P + 0.06P.1 37&25 13
R=-0.26+ 0.07P 17&26 14
0.29 y=0.7196x + 0.1003 0.23 y=10.7895x + 0.0318
R?=0.8234 2= *
0.27 _ 0.21 Rz =0.9064 .
’g E o019
S 0B = 0.17
&:1 .
&g 0.23 % 0.15
< 021 3 0.13
o =1
E 0.19 g 0.11
2 @ 0.09
m
0.17 0.07
0.15 +———————— 0.05 +—~+—+—+—+——+—+—+—+—+—+—+—+—+—+—+—+—+—+
0.1 0.15 0.2 0.25 0.05 0.1 0.15 0.2 0.25
Observed runoff (mm) Observed runoff (mm)
a b
0.12 y=0.7251x + 0.0179 0.29 y=10.7196x + 0.1003
R?=0.9239
g 0.1 O 0.27
0.1 =
= g 0.25
£ 0.09 =
g S 023
0.08 E
T 007 3 02
g 0.06 % 0.19
m wn)
0.05 = oa7
004 015 1
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C

d

Fig. 8. Correlation relationship between estimated and observed runoffin plots of; a) 5 m length, b) 10 m length ¢) 15 m length and d) 20 m

The results of climatic variables affecting runoff
output using artificial neural network (ANN) in plots
with different area showed that in plot of 5 m length,
MLP neural network, having one profile hidden layer,
3 neurons and a sigmoid transfer function, estimates
the runoff with higher reliability and accuracy

length.

(RMSE=0.05, R2=0.82). The amount of rainfall
parameter has had the greatest influence on the model
output. In plot of 10 m length, ANN after back-
propagation, with 2 hidden layers, 4 neurons and
sigmoid function, estimates the runoff values with
high accuracy of 90%. RMSE of the created model is
equal to 0.01. Moreover, the input variables affecting



runoff are the amount of rainfall and rainfall intensity,
respectively. The results of the different networks,
studied in plot of 15 m length, showed that MLP
neural network, having one profile hidden layer, 3
neurons and a sigmoid transfer function, estimates the
runoff with higher reliability and accuracy compared
to other neural networks (RMSE=0.008, R*=0.92).
The amount of rainfall parameter has the highest
correlation with output runoff and is discussed as the
most influential variable on runoff output in plots of

15 m length. MLP neural network, having 3 profile
hidden layers, 1 neuron and a sigmoid transfer
function, estimates the runoff with higher reliability
and accuracy compared to other neural networks in
plots 0of 20 m length (RMSE=0.007, R2=0.57). In plots
of 20 m length, the importance of the amount of
rainfall parameter in selected MLP neural network on
output runoff is much more than other input variables.
Fig. 8 shows the relationships between different neural
network models in plots with different lengths.

Table14. Neural network characteristics and runoff variables in the time series (1996-2000 and 2006-2009).

The plozt Characteristics of the selected neural network Variables affecting ValueR? RMSE
area (m’) runoff value
10 MLP neural network ha.vmg one profile hldd.en layer, 3 neurons and a The amount of rainfall 082 0.05
sigmoid transfer function
back-propagation, MLP neural network having 2 profile hidden layer, 4 | The amount of rainfall and
20 . . - 3 - . 0.9 0.01
neurons and a sigmoid transfer function rainfall intensity
30 MLP neural network haymg one profile hldQen layer, 3 neurons and a The amount of rainfall 0.92 0.008
sigmoid transfer function
40 MLP neural network havmg 3 profile hldde.n layer, 1 neurons and a The amount of rainfall 057 0.007
sigmoid transfer function

Overall, the results of several neural networks are in
accordance with those of the aforementioned methods
in the experimental plot of Sanganeh base.Moreover,
they are indicative of the good performance and
acceptability of ANNs to determine the most
influential variables affecting the amounts of
collected runoff in the plots output.

5. Conclusion

We presented an ANN model to estimate monthly
runoff in a watershed in the east north of Iran. The
ANN model was proven to be reasonably accurate.
However, in order to provide some explanations for
those who criticize ANN as a black-box model, we
considered the Multivariate Regression in order to
understand the mechanisms of being modelled and the
results showed the utility. Consequently, ANN gained
greater  acceptability among  hydrologists by
combining their interpretation and predictive abilities.
The adoption of this approach is, therefore,
recommended for those areas in which procedures are
established for the estimation of runoff from the
experimental plots. Climatic variables (the amount of
rainfall and rainfall intensity) have a significant and
positive effect on runoff production and also the effect
of the amount of rainfall on the plot runoff output and
in all cases (the whole plot of the studied plots, the
plots 0f 10, 20, 30 and 40 m?, plots with the same range
of slopes) is more than other parameters. Using
systematic methods, it is also possible to say that the
accuracy of the generated ANN in estimating runoff is
high, considering 20% of the average amount of data
available for testing of the generated ANN. After
studying the two methods, it was found out that there
was no difference in prioritizing of the examined
variables in the time series of this study. In both
methods, the amount of rainfall parameter is more

LI

effective, but in prioritizing the effective parameters,
the accuracy of ANN is higher than regression models.
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