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Abstract: The present paper aims at modeling
suspended sediment load (SSL) using heuristic data
driven methodologies, e.g. Gene Expression
Programming (GEP) and Support Vector Machine
(SVM) in three successive hydrometric stations of
Housatonic River in U.S. The simulations were
carried out through local and cross-station data

management  scenarios to  investigate  the
interrelations between the SSL  values of
upstream/downstream  stations. The available

scenarios were applied to predict SSL values using
GEP to obtain the best models. Then, the best models
were predicted by SVM approach and the obtained
results were compared with those of GEP. The
comparison of the results revealed that the SVM
technique is more capable than the GEP for modeling
the SSL through the both local and cross-station data
management strategies. Besides, local application
seems to be better than cross-station application for
modeling SSL. Nevertheless, the cross-station
application demonstrated to be a valid methodology
for simulating SSL, which would be of interest for the
stations with lack of observational data. Also, the
prediction capability of conventional Sediment Rating
Curve (SRC) method was compared with those of GEP
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and SVM techniques. The obtained results revealed
the superiority of GEP and SVM-based models over
the traditional SRC technique in the studied stations.

Keywords: Suspended sediment load; Successive
hydrometric stations; Gene expression programming;
Support vector machine

Introduction

The correct estimation of the volume of
sediment being transported by streams is of great
importance in water resources engineering, as it
directly affects the planning, design and
management of hydraulic structures. So far,
numerous studies have been carried out to
investigate the possible functional relationships
between the Suspended Sediment Load (SSL) and
flow characteristics, based on different concepts,
leading to some empirical and semi-empirical SSL
modeling equations. However, none of such
equations have received universal acceptance
(Aytek and Kisi 2008). The physically-based
distributed models are based on the simplified
partial differential equations of flow and sediment
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flux. Examples of such models are presented by e.g.,
Singh et al. (1998); Yang (1996); Cohn et al. (1992);
Forman et al. (2000). Nonetheless, over the years,
some sediment rating methods based on producing
the SRC have been proposed by researchers to
determine the average relationship between the
flow discharge and SSL. Among others, Asselman
(2000) fitted SRC for different locations along the
Rhine River and its main tributaries. Rating curves
obtained by least squares regression on logarithmic
transformed data tend to underestimate the
sediment transport rates. Picoet et al. (2001)
applied statistical approaches and a lumped
conceptual model to estimate the time evolution of
Suspended Sediment Concentration (SSC) using
the water discharge data. Both of the models were
compared with a simple rating curve model. The
obtained results confirmed the superiority of the
conceptual model. Overleir (2004) showed that the
classical non-linear least squares (NLS) method
can model only a very limited class of variance
heterogeneity. By introducing a heteroscedastic
maximum likelihood model, the variance
heterogeneity was treated more generally. The
maximum likelihood model stabilizes the variance
better than the NLS approach, and thus is a more
robust and appropriate approach to fit a rating
curve to a set of discharge measurements. Crowder
et al. (2007) compared a nonlinear regression
technique with the linear regression method at 26
United States Geological Survey gauging stations
throughout the Upper Mississippi River basin for
predicting annual and cumulative suspended
sediment yields. Sensitivity analysis was conducted
at two stations, one having a concave sediment
load—discharge plot and one having a convex
sediment load—discharge plot, to determine rating
curve’s capabilities. Results suggested that the
regression technique that will yield the best
sediment load estimates (with the lowest error
values) will depend on at least three factors: (1) the
shape and variability within the underlying
sediment load—discharge relationship; (2) the
amount of data used to calibrate the regression
equation; and (3) the time frame over which
sediment loads are being estimated (e.g. annual or
longer term cumulative yields).

During recent years, different heuristic
techniques [e.g. Artificial Neural Network (ANN),
GEP and SVM)] have been successfully applied for
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modeling various hydrological processes. Alp and
Cigizoglu (2007) employed ANN method using
hydrometeorological data to estimate daily total
SSL on rivers. The simulation results were
compared with  conventional = Multi-Linear
Regression (MLR). They found that the results of
ANN were better than MLR models. Partal and
Cigizoglu (2008) used a combined wavelet-ANN
model to predict SSL in rivers and compared the
results with those of the ANN and the SRC
methods. The results showed the higher accuracy
of the hybrid wavelet-ANN model. Aytek and Kisi
(2008) applied Genetic Programming (GP)
technique to model SSL and compared the results
with SRC and MLR techniques. The results
indicated that the proposed GP formulation
performs better than the SRC and MLR models.
Azamathulla et al. (2010) employed SVM to predict
SSL. The SVM technique demonstrated a superior
performance compared to other traditional
sediment-load methods. Chiang and Tsai (2011)
estimated SSL by using linear as well as the power
regression models, ANN and SVM. The results
showed the higher accuracy of the SVM-based
models. Kisi and Cimen (2011) introduced a
wavelet-SVM  conjunction model for monthly
streamflow forecasting. Azamathulla et al. (2011)
introduced the GEP-based models as high-accuracy
tools for modeling stage-discharge relationship.
Kisi and Shiri (2011) forecasted daily precipitation
values by establishing hybrid wavelet-genetic
programming (WGP) and wavelet-neuro-fuzzy
(WNF) approaches. Kisi (2012) studied the ability
of Least Square Support Vector Machine (LSSVM)
in prediction of SSC of upstream and downstream
stations in rivers. Liu et al. (2013) developed a
wavelet-ANN model (WANN) to predict SSC in the
Kuye River. The comparison of results of WANN
models with SRC and ANN models revealed that
the WANN prediction accuracy is higher than the
other applied techniques. Kakaei Lafdani et al.
(2013) investigated the abilities of SVM and ANN
models for predicting daily SSL. The obtained
results illustrated that the ANN models and nu-
SVR model using Gamma Test for input selection
had  Dbetter performance than regression
combination. Roushangar et al. (2014) evaluated
the performance of NF and GEP to predict total
bed material load. These models were compared
with some well-known traditional models. The



obtained results showed that the GEP and ANFIS
performed better than traditional models. Also,
Roushangar and Koosheh (2015) modeled bed load
transport in three gravel-bed rivers using Genetic
Algorithm-Support Vector Machine (GA-SVR)
method with different kernel functions. They
obtained the most influential hydraulic parameters
for predicting the bed load transport of each river.

The present paper aims at assessing the
temporal and spatial data management scenarios
for modeling SSL, using successive hydrometric
stations data. Consequently, the models were
assessed per station using traditional local data
splitting models (two-block splitting mode),
through defining a time dependent train-test
selection method. Then, a cross-station approach
was applied which involves using the ancillary data
for the both input and target values.

1 Materials and Methods

1.1 Study area and used data

Daily stream flow and SSL data from three
hydrometric stations on the Housatonic River in
U.S.A (operated by US Geological Survey, USGS)
were used for modeling SSL. The distance between
each successive station is about 50 km. The first
station (station no: 01197500) is located near Great
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Barrington, Berkshire County, Massachusetts. The
second (station no: 01199000) is located at Falls
Village, Litchfield County, Connecticut, and the
third one (station no: 01200500) is located at
Gaylordsville, Litchfield County, Connecticut. The
corresponding basin areas of the stations are,
respectively, 282, 634, and 996 sq. Mile. Figure 1
shows the geographical positions of the studied
stations.

The observed data covering a period of two
years (from April 01, 1979 to September 30, 1980),
were utilized for training and testing the employed
models. Figure 2 illustrates the time series plot of
daily flow discharge (Q) and SSL for the studied
stations during the study period. It is clear that the
trends of flow discharge and SSL transport rate
variations are similar in each station and among
the all stations. Analyzing the time series plots
shows that the highest SSL transport corresponds
to the maximum flow discharge values in all three
stations, while the lowest SSL transport rates are
observed during the minimum river flow rates.
This might dictate a direct relation between SSL
and flow discharge, although there are some events
with variable SSL rate and fixed values of flow
discharge during the time period, which may be
explained by the influence of other parameters on
SSL transport rate. For developing and testing the
models, the data were randomly selected so that
the 70% of the whole data set was used for training
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Figure 1 The locations of studied stations.
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Figure 2 Time series plot of river discharge and sediment load for the Berkshire County, Massachusetts (station 1),
Litchfield County, Connecticut (station 2 and station 3) during the study period.

and the remaining 30% were used for testing.
Although two-block data splitting method might
cause the risk of over fitting, and three-block norm
or k-fold testing might allow for a suitable data
scanning (Shiri et al. 2013 and 2014), the random
selection of the train-test set would reduce this risk
as discussed by Roushangar et al. (2014a, 2014b).
Moreover, the random train-test set selection was
carried out taking into consideration the statistical
parameters of the observed data. Subsequently, the
most skewed data were used as train data for better
learning the models with extreme events. Table 1
sums up the statistical parameters of the observed
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flow discharge and SSL data for the train, test and
whole study period. In the Table, the Xmin, Xmax,
Xmean, Sx, Cv and Csy present the minimum,
maximum, mean, standard deviation, coefficient of
variation, and skewness coefficient, respectively. It
can be seen from the skewness coefficients that
both the discharge and sediment data represent
highly scattered distribution.

1.2 Sediment rating curve

The establishment of a SRC is an important
problem in hydrologic studies. The SRC is used to



Table 1 Statistical parameters of the used data set

Statistical Training set

Parameters Q(m3/s) SSL(tonday™%) Q(m3/s)
Station 1

- 13.82 18.63 13.96
Sx 13.96 60.91 14.53
Co(Sx/Xmean) 1 3-27 1.04
= 2.76 8.95 2.86
Xmax 115 846 98.9
Xomin 2.29 0.38 2.61
Station 2

Xnean 28.47 91.92 28.85
Sx 28.16 326.68 20.63
Co(Sx/Xmean)  0.99 3.55 1.03
= 2.23 6.78 2.75
pA— 182 3070 196
Xomin 1.1 0.21 1.05
Station 3

Xmean 44.52 158.35 44.35
Sx 47.81 918.03 43.95
Co(Sx/Xmean) 1.07 5.8 0.99
= 3.1 14.84 2.52
pA— 408 16300 265
Xomin 2.07 0.59 2.07

assess the sediment load corresponding to the
measured flow discharge. The most common SRC
form is a power function (Walling 1978), as:

S=aQ’ )

where, Q and S denote flow discharge and SSL,
respectively. Values of a and b for a particular flow
are determined from data via a linear regression
between (logS) and (logQ).

1.3 Gene expression programming

GEP was developed by Ferreira (2001), using
the fundamental principles of the Genetic
Algorithms (GA) and GP. GEP mimics biological
evolution to create a computer program for
modeling a specified phenomenon. The problems
are encoded in linear chromosomes of fixed-length
as a computer program (Ferreira 2001). The
chromosomes are composed of multiple genes,
each gene encoding a smaller sub-program. GEP
technique starts the solution of a specific problem
with the random generation of the chromosomes of
the initial population. Each individual chromosome
in the initial population is then expressed, and its
fitness is evaluated using the fitness function. In
this study, the Root Mean Square Error (RMSE) is
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Testing set All data set

SSL (ton day™t)  Q (m3/s) SSL (ton day™1)
21.6 13.86 19.52
89.68 14.12 70.72
4.15 1.02 3.62
8.42 2.78 9.1
955 115 955
0.38 2.29 0.38
104.57 28.58 95.72
375.16 28.58 341.68
3-59 1 3.57
5.93 2.47 6.47
3190 196 3190
0.2 1.05 0.2
125.34 44.46 148.49
423.48 46.65 802.66
3.38 1.05 5.4
6.16 2.96 15.83
3340 408 16300
0.59 2.07 0.59
applied as fitness function:
_ 1 N 2
RMSE, = WZ":I (P,-0)) (2)

where P;; is the value predicted by individual
program i for fitness case j (out of sample case),
and 0; is the observed value for fitness case. For a
perfect fit, P;; = 0; and RMSE; =0. For evaluating
the fitness f; of an individual program i, the
following equation should be applied:

! (3)

£, =1000—————
1+ RMSE,

The mentioned function (f;) ranges between o
and 1000 with 1000 corresponded to the ideal
(Ferreira 2006).

The structural and functional organization of
the linear chromosomes allows the unconstrained
operation of important genetic operators such as
mutation, transposition, and recombination.

The following procedure was applied to model
SSL through GEP according to Ferreira (2006):

i) Selecting the appropriate fitness function.

ii) Selecting the terminal set (T) and the
operation function set (F) for creating the
chromosomes: the terminal set includes recorded
river discharge and sediment load values. Also, four
basic arithmetic operators (+, -, *, /) and some basic
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mathematical functions (Vv ,V ,In(x) , e*, x2,

x3,sinx, cosx,arctan x) were utilized as function set.
iii) Selecting the chromosomal architecture, i.e.

the length of head and the number of genes:
Length of head, h=7, and three genes per
chromosome were employed.

iv) Choosing the linking function: addition and
multiplication linking function was applied in the
present study. In general, the choice of linking
function depends on the problem and there is not
any basic rule to identify which of these functions
is preferred to another. (Kisi et al. 2012)

v) Choosing the set of genetic operators:
Default values of the genetic operators were
applied since these values have been recommended
for hydrological studies by literature (e.g., Shiri and
Kisi 2011; Kisi and Shiri 2012; Kisi et al. 2012).

Further details about developing the GEP-
based models for simulating SSL might be found in
e.g. Kisi et al. (2012) and Shiri and Kisi (2012).

1.4 Support vector machine

The idea of support vector machines (SVMs),
which are known as the classification and
regression procedures, has been developed by
Vapnik (1998). SVM includes the structural risk
minimization (SRM) principle in its formulation,
which has demonstrated its superiority to the
traditional empirical risk minimization (ERM)
principle, employed by conventional neural
networks. SRM minimizes the upper bound on the
expected risk, while ERM minimizes the errors
corresponded to the training data (Vapnik 1998;
Gunn 1998). The SVM method is based on the
concept of optimal hyperplane that separates
samples of two classes by considering the widest
gap between two classes. SVM solves a quadratic
problem in which the objective function is obtained
by combination of loss function and regularization
term (Basak et al. 2007).

The main process of SVM model building
consists of selecting support vectors which support
the model structure and determine their weights.
The process of an SVM estimator (f) on regression
can be described as:

f(x)=wp(x)+b (4)

where w and b denote a weight vector, a bias,
respectively. o stands for a nonlinear transfer
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function mapping the input space into a high-
dimensional feature space.

Vapnik (1998) introduced an object function of
convex optimization with e-insensitivity loss
function for solving the Eq. (4), of which
mathematical expressions are described as

C 1 2 N o
minipize SIwiF+C X (&0+¢7)

Subject to

Vi _WT(P(Xk)_bSS‘ka
wokx)+b-y <e+&

S 20

where & and f* are slack variables penalizing
estimation error by the e-insensitivity loss function,
and C is a positive tradeoff parameter for the
degree of the empirical error. Finally, Karush-
Kuhn-Tucker conditions are applied to the
regression, and Eq. (5) thus yields the dual
Lagrangian

k=12,.,N (5)

Maximize
* 1 (Ofi-a;)(a"a*')K(x,‘ax')'
Rlao)=-—%0n P
2 82,-:1(061. T )+ dizi=l (ai - )

Subject to
Ti(e-a)=0
0<e,<C (6)

0<a <C,i=1,2,..,N

where a;, a; are Lagrangian multipliers and K(x;, x;)
denotes the kernel function which transferred the

input space into feature space. The value of the

Kernel equals the inner product of two vectors, x;

and x; in the feature space o(x;) and o(x;), that is

K(x;, x;)= o(x;). o(x;). A suitable choice of kernel

allows the data to become separable in the feature

space despite being non-separable in the original

input space.

In the present study, Radial Basis Function
(RBF) was used as well-known kernel function for
SVM application. RBF kernel is the general
purpose kernel used when there is no prior
knowledge about the data which has the form:

-

K(xl.,xj)zexp(—%( ~ ) (7)



After calculating a; and «] , an optimal desired
weights vector of regression is:

W*=Z£1(0@_%*)K(xiaxj) (8)

Therefore, the regression function can be
defined as:

f()=XL (o~ )K(x,,x;) +b (9)

The selection of three parameters, o, € and C,
of a SVM model is important to the accuracy of
predicting. Thus the optimal values of mentioned
parameters should be set to obtain the most
accurate result.

1.5 Performance criteria

The capabilities of models are evaluated by
using the coefficient of determination (R?), Nash-
Sutcliffe coefficient (NS), and root mean square
error (RMSE), as follows:

2

25\;1 (S,‘O _EO)(S[IJ _‘§p)

R* = — - (10)
JER(Se =5 Er Sy -§7 )
N o __ QP2
NS =1-Zo6 5 (11)
2 (S)=8°)
]
RMSE = \/ﬁzf_l (87 -S7) (12)

Here, S? and S’ denote the observed
suspended sediment values at ith time step, and the
corresponding simulated suspended sediment
values, respectively. Nstands for the number of
time steps. S° and S? represent the mean observed
and simulated values, respectively.

R? provides information for linear dependence
between observations and corresponding simulated
values and should not be applied alone as a
performance criterion. R? suffers from limitations
that make them poor measures of model
performance. Although these statistics continue to
be used to determine how well a model simulates
the observed data, they nevertheless provide a
biased view of the efficacy of a model (Legates and
McCabe 1999). The coefficient of efficiency NS has
been widely used to evaluate the performance of
hydrologic models. Nash and Sutcliffe (1970)
defined the coefficient of efficiency (NS) which
ranges from minus infinity to 1.0, with higher
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values indicating better agreement. NS is the
coefficient is wused to indicate the relative
assessment of the model performance in
dimensionless measures .the optimal value of NS is
equal to 1. The NS represents an improvement over
the R2 for model evaluation purposes in that it is
sensitive to differences in the observed and model
simulated means and variance. The RMSE
represents the sample standard error of the
differences between predicted values and observed
values. The RMSE serves to aggregate the
magnitudes of the errors in predictions for various
times into a single measure of predictive power. It
ranges between 0 and 1 which have the optimal
value equal to zero.

1.6 Input selection

River flow and SSL data from three studied
stations were applied in different architectures to
build the input configurations to feed the heuristic
models. The configurations were defined in two
main groups:

Groupi. Local SSL estimation: Different
input configurations were constructed for all three
stations, including various combinations of the
river flow (Q) and SSL values of successive time
steps. In this context, the partial auto correlation
functions (PACF) of the river flow and SSL data
were evaluated for choosing the best time lag which
comprises the best memory of time series. Figure 3
displays the PACF graphs of Q and SSL data for the
studied stations. From the Figure it is seen that the
first four time lags are influential in modeling time
series. Therefore, the Q and SSL values of the
current day as well as the corresponding values of
three immediate previous days were introduced as
input variables. Although a little discrepancy might
be assumed for station2 data, where three time lags
seem to be influential, the similar configurations
were defined for all stations for consistency. Then,
two scenarios were defined to introduce these
values to the employed models (see Table 2):

Scenario I- Daily values of current and
previously recorded Q values as well as the
previously recorded values of SSL data were
introduced.

Scenario II- Average values of the Q and SSL
data corresponding to previous time steps were
introduced.
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Figure 3 Partial auto correlation functions (PACF) for the river discharge (Q)and suspended sediment

load(SSL) data of station 1, station 2 and station 3.

Group2. Cross-station SSL estimation:
The SSL values of the downstream stations were
assumed as a function of the SSL and Q values of
the upstream station. Consequently, the input
patterns from upstream station were used as inputs
for estimating SSL at downstream station (ancillary
data application), through the following data input
selection typologies:

Typology a- the SSL values of the downstream
station was assumed as a function of SSL and Q
values of the upstream station(s), simultaneously
(the effect of time lags were omitted).
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Typology b- the best input configurations of
the local application scenario (Producing the most
accurate prediction results)

Table 3 gives the input configurations used to
feed the models in cross-station application.

1.7 Models implementation

At the first step, both the local and cross-
station application groups will be simulated using
GEP to identify the best input configurations.
Although PACF technique was used to detect the



most influential input parameters on the SSL, the
technique describes the linear dependency, so any
nonlinear manner would be ignored leading to
picking unsuitable features, and increasing
possible redundancy. So, the GEP capability will be
used to the same inputs, in order to select the most
appropriate features which have the maximum

Table 2 Input configurations used to feed the models-
local application

Scenario Input configurations

1.Q:
2. Qt, Q1
3. Qt, Qt-1, Qt—2
4. Qt, Qr-1, Qt-2, Qr-3
5. St
I 6. St-1,St-2
Yo St—z, St»z, St—3
8. Q, St
9. Qt, Qt-1, St1
10. Qt, Qt—z, Qt—z, St-1
11. Qt—1, Qt—z, St-1
L Qroy2”
11 2.5 qp-2%%
3.Qp-1,t-2:St-1,6-2
Note: Q:: river flow at i th time step; S;: SSL at i th

: %A _Qt-110Q¢t—2 yx¢g _St-1+St—2
time step, Qt—l,t—z_—z s St =

Table 3 Input configurations of the cross-station
application

No Target station Input variables
Typology-a

1 station 2 Q:(1)

2 station 2 Si(t)

3 station 2 Qu(t), Su(t)

4 station 3 Qu«(t)

5 station 3 Si(t)

6 station 3 Qu(t), Su(t)

7 station 3 Q2 (1)

8 station 3 Sa(t)

9 station 3 Q- (1), S2(t)

10 station 3 Qu(t), Q= (1)

11 station 3 Si(t), So(t)

12 station 3 Q1(t), Qz (t), S1(t), S2(t)

Typology-b
The best input configurations of local application
scenario

Note: Q.(t): Q value of the Station1 at the current time
step; Si(t): SSL value of the Station1 at the current time
step; Q=(t): Q value of the Station2 at the current time
step; Sz(t): SSL value of the Station2 at the current time
step.
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Figure 4 The flowchart of study.

F

relevance with the target values. Once the GEP-
based SSL estimation models were established and
analyzed, the important inputs will be identified
from the global input matrix. Then, the best input
configurations will be used to feed the SVM. Finally,
the results will be compared and discussed. Figure
4 represents the flowchart of the present study.

2 Result and Discussion

2.1 Local application

The error statistics of the GEP and SRC
models during the test period are given in Table 4.
Among the scenario-I models, the Q-based and
SSL-based models generally produces low accuracy
results in all three stations. In Q-based context, the
first model (model-1) generally shows high error
magnitudes which might be due to the hysteresis
effects. However, introducing the antecedent river
flow values improves the models’ accuracy. The
most accurate results of Q-based models are
obtained when the river flow values of the current
as well as 1- and 2- previous days values are
introduced as input variables in the first and
second stations. But, the model including current
and 1-previous day river flow values provides better
results than the other Q-based models for the third
station. The results show the adverse effect of
introducing the Q:; values, which might be
explained by cross-correlation effects of the river
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flow on SSL transport rate. Although cross
correlation functions (not presented here) confirm
the interdependence of the Q and SSL values up to
7 time lags, this correlation has linear inherent, so
the nonlinear relation between Q and SSL values
might not be explained by through this linear
process. Nevertheless, the relative fluctuations of
SSL and river flow data has a power function
nature, so the corresponding time variations may
display different manner for extreme events. This
might cause time shift in occurrence of high- and
low- sediment flows in relation to river flow
variations. Attending to the SSL-based models, the
most accurate results correspond to the first model,
where only the SSL values of one immediate
previous day were used to feed the model. Unlike to
the PACF output, no direct link is seen between the
current SSL values and the intervals beyond the t-1
time step. This may remember the stochastic
nature of the SSL transport phenomenon as well as
failure of auto- regressive modeling tool in this
regard. Comparing the performance of the GEP
models based on the simultaneous using the Q and
SSL data, the model comprising the Q;, Q:;,and S
values as input variables (GEP-I-9, in Table4)
shows the most accurate results in all studied
stations. Nonetheless, its performance is highest
among the scenario I models, with the lowest
RMSE value of 1.449, 14.403, and 17.361 ton/day,
for stations 1, 2, and 3, respectively. Attending to
the models built up with scenario-II configurations,
the GEP-II-3 gives the most accurate results among
other three models. Except GEP-I-9 model, the
GEP-II-3 outperforms all the models of the both
scenarios. Thus, the GEP-I-9 and GEP-II-3 models
could be introduced as the best models of local
applications according to performance criteria
(RMSE and NS) .Beside this might show the
amalgamated influence of the Q and SSL data on
modeling process, the mathematic average of the
parameters seems to provide a preliminary
sufficient insight about the phenomenon to be
learnt with heuristic model. As could be
foreshadowed, introducing the sole averaged river
flow or SSL values can’t produce a high-accuracy
results when learning with data driven technique,
which is mainly due to the difficulties exist for
mapping the nonlinear behavior of the SSL data.
Also, as can be seen from Table 4, the
performance of the SRC method is noticeably lower

J. Mt. Sci. (2016) 13(10): 1773-1788

in the modeling of the complex nonlinear relation
between the river flow and the suspended sediment
with respect to the GEP. The fitted SRCs and their
proposed formulations are shown in Figure 5 for
three stations.

2.2 Cross station application

Table 5 sums up the statistical indices of the
GEP-based SSL. models for cross station
application. The models of typology-a show the
input configurations which were proposed in input
selection section. Also, the models of typology-b

60 - y= 0.824x0-8422
50

40 A
30 A .
20 1 .

10 1 oy

O -
0 10 20 30 40 50
Q (m3/s)

(@)

SSL (ton/day)

3500 -
3000 -
2500 -
2000 -
1500 - .
1000 - .
500 - .
0 : :
0 100 200
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y = 0.1664x1:6026 (b)
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300
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SSL (ton/day)

y=02314x13742

600 - (c)

50 100
Q (m?/s)
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Figure 5 Applied SRC for the station 1 (a), station 2
(b) and station 3 (c).
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Table 5 Testing statistics of the GEP models- cross station application. (The best

input configurations were marked in bold)

No. Targets  Inputs R2
Typology-a:

1 S2(t) Qq(t) 0.954
2 Sa(t) Si(t) 0.570
3 Sz(t) Qz(t), SI(t) 0878
4 Ss(t) Qq(t) 0.968
5 Ss(t) Si(t) 0.761
6 Sg(t) Qz(t), SI(t) 0.807
7 S3(1) Q=(1) 0.880
8 Ss(t) Sa(t) 0.748
9 Ss(t) Q= (1), S=(1) 0.914
10 Ss(t) Qu(1), Q= (1) 0.644
11 Ss(t) Si(t), So(t) 0.854
12 Sg(t) Qz(t), Qz(t), S1(t), Sz(t) 0696
Typology-b:

1 Sa(t) Qu(1), Qi(t-1),S:(t-1) 0.811
2 S=(t) Q1e-1,t-2)»S1(t-1,t-2) 0.904
3 Sg(t) Q1(t), Q1(t-1), S: (t—l) 0.810
4 S3(t) Q1(t-1,t-2)»51(t-1,6-2) 0.876
5 Ss(t) Q=(1), Qa(t-1), S2(t-1) 0.744
6 S3(t) Q2(t-1,t-2)5S2(t-1,t-2) 0.924

Attending to the typology-
b, where the best input

RMSE configurations of the local
NS (ton/day)  application are used with
ancillary data
0(')95‘29 ;33(;59 supplementation, the
0782 3188 overall accuracy of the
0.571 118.514 models are higher for this
0.726 78-734 typology, than those of the
0. ) X .
0;573 23222 first typology. Th.1$ mlght
0.746 75.385 be attributed to inclusion
0.854  42.562 of the previously recorded
0.206  130.543 Q and SSL wvalues to
0.736  85.544 models’ architecture.
0.523  120.345 Comparing among the
Y 31.23 stations, when the SSL
0.851 24.143 values of station2 [i.e.
0.639 88.561 S2(t)] are modeled using
0.821 50.872 the Qi(t) values, the error
0.662  86.956 value is much lower than
0.89  39.586 the model corresponded to

are the best models of local application which were
taken from Table 4 (GEP-I-9 and GEP-II-3 input
configurations). From the Table 5 it is seen that the
most accurate result for typology-a models
correspond to SSL modeling of the station 2 when
the current Q value of the upstream station is
introduced as input variable (RMSE = 18.85
ton/day, NS=0.949). Also, the same result could be
observed for station 3 where the model with the
current Q value of the station 2 gives the most
precise SSL value estimation (RMSE = 41.428
ton/day, NS=0.874).The comparison of the results
of models 4-9 shows that the station 2 has more
effective role than station 1 in estimation of SSL
values for station 3. Although the RMSE values
seem to be high for these models, comparing the
RMSE with average values of SSL for test patterns
(Table 1) reveals that the dimensionless RMSE
values (the ratio between RMSE and average SSL
value) are, respectively, 0.180 and 0.330 for S,(t)
and S,(t) estimation, describing the high-accuracy
performance of GEP-based models in these cases.
Nevertheless, the systematic RMSE values (not
presented here) are lower than unsystematic values,
exhibiting the higher accuracy of the applied
models. In terms of typology-b, combinations of
Q(t-1,t-zyand S¢;_q 1) from upstream stations seem
to be the best model for both station 2 and 3.

1784

the S3(t) simulation using
Q2(t) values (18.850 vs. 41.428 ton/day, Owing
that the stations are located with equal distances,
such discrepancy might be explained by the natural
catchment characteristics affecting the SSL value
between stations 2-3.

Totally, although the prediction results of
cross application are generally inferior than those
of local application, the cross application seems to
be applicable for the stations with lack of data.

2.3 Best models

One of the strong points of using GEP is in
producing explicit formulations (i.e. model
expression) of the relationship that rules the
physical phenomenon. Such expressions may be
subject to some physical interpretations. Table 6
summarizes the GEP expressions of the best
models for local and cross-station approaches. It
should be noted that the presented formulas only
are valid in their under studied cases. According to
Table 6, the GEP formulation is undefined in the
case of scenario I (station 3) for Q,_, =0 or
Q.=ovalues.

In order to assess the GEP performance in
relation to other heuristic models, the SVM
technique was applied with the best input
configurations of local and cross-station
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Table 7 Comparison of the GEP and SVM models for the best input configurations of local and cross-station
applications (The best models were marked in bold for the stations)

SVM GEP
Models Target Input Configurations W RMSE @ . RMSE
(ton/day) & g (ton/day)
I S1(t) Q1 Qrg, St 0.923 1.365 5 0.01 5 0.909 1.449
Ir ) Q(t—l,t-z),f(t—l,z—z) 0.864 1.78 9 0.01 2 0.837 1.86
Local I S,(t)  Qt Qts, St 0.813 18.312 10 0.01 0.33 0.704 19.744
application [V () Que-1,-2):St-1,6-2) 0.914 15.14 10 0.01 0.5 0.883 16.259
\ 7% S;(t)  Qt Qts, St 0.984 13.562 10 0.01 0.5 0.980 17.361
Vi S3(®)  Que-1t-2)S(e-1t-2) 0.956  27.35 10 o001 1 0.940  29.419
VII S,(0) Qi) 0.951 14.369 20 0.01 1 0.949 18.85
Cross VIIT S;(t)  Qi-1,-2)51(t-1,6-2) 0.895 17.196 5 0.01 0.5 0.851 24.143
application X S3(t) Q1) 0.88 39.988 10 0.01 1 0.874 41.428
X S3(t)  Qac-1,t-2)s52(t-1,t-2) 0.931 31.741 20 0.01 0.9 0.89 39.586
applications and the
. 1000 - 1000 -
testing results are = y=0.9178x + 0.6703 = y =0.9451x + 0.6222
reported in Table 7. 3 g | FEOOR S g0 Koo
Furthermore, Table 7 g S
shows the optimal values § 10 4 g 10 1
of SVM parameters (C, ¢ T T .
and o) which are effected 2 GEP g SVM
by inherent characteristics & 01 . . ' - £ 0.1 - . . -
of available data set. 0.1 1 10 100 1000 0.1 1 10 100 1000
. Observed SSL (ton/day) Observed SSL (ton/day)
Comparison between ¢ .
and C values indicates (@) (Model (1))
that the_loss function (C) A1000 1y 1.0274x - 42091 1000 - y 1035x + 10.702
has a wider range than ¢ & 100 R?=0.9904 % 100 R?=0.9910
for all cases. The table E : g ‘
clearly shows the SVM 5 10 - § 10 -
superiority over the GEP 4 A 4 oo
technique in modelin g 19 < . T Il
i s e < GEP g SVM
SSL in the both local and S o1 . T ol
cross-station scales. The = 0.1 1 10 100 1000 ~ 01 1 10 100 1000
results obtained Observed SSL (ton/day) Observed SSL (ton/day)
demonstrated t}}(?. GE.P () (Model (V))
and SVM -capabilities in 000 - 000
modeling SSL values in - y=0.9852x + 1.8954 =~ y =0.9933x + 4.5545
the b £y R?=0.954 K] R?=0.9634
e both local and cross- 2 100 - 2 100 -
. =
station approaches. g . £
Figure 6 shows the 7 10 - § 10 -
7] °
log-scaled scattered plots < <% T
. - | g 2] i
of observed and predicted 2 ! o " g !
SSL values of GEP and £ ol . GEP & ol SVM
SVM models which were T ol 1 1'0 1(')0 10‘00 o1 1 10 100 1000
marked in bold as the best Observed SSL (ton/day) Observed SSL (ton/day)

models for the stations in
Table 7. As can be seen
from Figure 6 both GEP
and SVM show better
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(¢) (Model (VID))

Figure 6 The log-scaled scatter plots of the best models using Gene Expression
Programming (GEP) and Support Vector Machine (SVM) approaches for three
stations (test data set).



performance in low SSL values than in high rates of
SSL transport. It seems SSL transport to be more
complicated in high rate than in low transport rate.
Therefore, it is recommended that SSL modeling is
divided into different ranges of SSL values
according to appropriate hydraulic criteria, and
more effective parameters should be considered in
studies to achieve acceptable prediction accuracy.

3 Conclusion

The present study evaluated the ability of GEP
and SVM approaches for modeling flow discharge-
SSL relationship in three successive hydrometric
stations of Housatonic River in USA. First, the local
and cross-station data management strategies were
used with different input configurations through
GEP application. The selection of the input
parameters was based on the analysis of the
statistical correlation between the studied
parameters, i.e. flow discharge and SSL. The results
of the local application revealed that the model
comprising the current flow discharge (Q:), one
previous day flow discharge (Q:,) and one previous
day SSL (S:.) inputs, presents the highest accuracy
in all three stations. In the cross station application,
introducing the current flow discharge of the
upstream station (Q, (t)) as the unique input
parameter provides the best SSL predictions for the
downstream (second) station. Nonetheless, the
simultaneous introduction of the (Qy(-1,-)) and
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