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In this study linear genetic programming (LGP), which is a variant of Genetic Programming, and
two versions of Neural Networks (NNs) are used in predicting time-series of daily ﬂow rates at a
station on Schuylkill River at Berne, PA, USA. Daily ﬂow rate at present is being predicted based
on diﬀerent time-series scenarios. For this purpose, various LGP and NN models are calibrated
with training sets and validated by testing sets. Additionally, the robustness of the proposed LGP
and NN models are evaluated by application data, which are used neither in training nor at testing
stage. The results showed that both techniques predicted the ﬂow rate data in quite good agreement
with the observed ones, and the predictions of LGP and NN are challenging. The performance of
LGP, which was moderately better than NN, is very promising and hence supports the use of LGP
in predicting of river ﬂow data.

1. Introduction
The prediction of discharge in rivers plays an
important role in river hydrology and water
resources management. There are several crucial
points for understanding the key statistical characteristics of available discharge data, some of which
are: hydro-geological risk prevention, eﬃcient
operations of storage reservoirs for hydro-electric
or other purposes, and design of many hydrogeological works (Bordignon and Lisi 2000). It is
generally accepted that river ﬂow processes, especially daily discharges, are seasonal and nonlinear,
since the processes generally pronounce seasonal
means, variances, and the underlying mechanisms
of streamﬂow generation are likely to be quite different during low, medium, and high ﬂow periods,
especially when extreme events occur (Wang et al
2006).
Several linear and nonlinear methods have been
applied in the prediction of discharge in rivers and
successful results have been reported. These studies
have focused on the prediction of discharge based
on stage-discharge, rainfall-discharge or time-series

of discharge relationships, using either conventional methods (Wang et al 2004; Habib and
Meselhe 2006; Baiamonte and Ferro 2007; Jain
2008) or new so-called ‘soft computing techniques’ such as Neural Networks (NNs), Genetic
Algorithms (GAs), Genetic Programming (GP),
Fuzzy Logic (FL), and Machine Learning (MA)
(Maier and Dandy 2000; Kisi 2004; Lopes and
Weinert 2004; Cigizoglu and Kisi 2005; Kisi and
Cigizoglu 2007; Aytek and Alp 2008; Guven
and Gunal 2008; Guven et al 2008; Tayfur and
Moramarco 2008).
For the last ten years, GAs and GP have been
pronounced as alternative and robust methods in
the prediction of water engineering data (Drecourt
1999; Whigham and Crapper 2001; Muttil and
Liong 2004; Kalra and Deo 2007; Charhate et al
2007, 2008; Singh et al 2007; Aytek et al 2008; Deo
et al 2008; Gaur and Deo 2008; Guven et al 2008;
Jain and Deo 2008; Kalra et al 2008; Ustoorikar
and Deo 2008). Linear genetic programmingc
(LGP), which is an extension of GP is under consideration in this study. Although a few studies
on GP application on hydrologic data exist in the
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literature, no studies have been found about the
application of LGP in hydrologic data. In this
sense, the present study can be considered as a
pioneering study presenting the usage of LGP in
the prediction of hydrologic data.
Referring to the embedding theorem of Takens
(1981), the time-series modelling of daily discharge
can be formulated as:
Q(t) = f {Q(t − n), Q(t − 2 · n), . . . ,
Q(t − (d − 1) · n)},

(1)

where n is the constant time delay between samples, d is the embedded dimension and f is a
function. The objective is to ﬁnd an optimal analytical model that can explain the behaviour of
dynamical river ﬂow systems. There are several
conventional statistical methods to cope with this
type of problem, most of them being based on
ARMA-derived (Auto-Regressive Moving Average)
methods. Alternatively, several heuristic models
have been proposed (Bordignon and Lisi 2000;
Cigizoglu and Kisi 2000; Kisi 2004; Lopes and
Weinert 2004; Tayfur et al 2007; Firat 2008; Tayfur
and Moramarco 2008).
Evolutionary computational methods have been
successfully applied in time-series modelling of
ﬂow discharge problems, with limited number
of examples. Namely, Lopes and Weinert (2004)
used Gene-Expression Programming in modelling
monthly time series of unregulated Rio Grande
river ﬂow at Furnas Dam in Brazil; Tayfur and
Moramarco (2008) predicted hourly-based ﬂow discharge hydrographs from level data by using GAs;
Preis and Otsfeld (2008) presented a coupled model
tree-genetic algorithm scheme for predicting ﬂow
and water quality constituents in watersheds.
This study proposes to employ an emerging
strong evolutionary computational technique, LGP
in predicting daily time series of river ﬂow data.
Also, multilayer perceptron NNs empowered by
GA, and generalized regression NNs were proposed
for time-series modelling of the same discharge
data. Diﬀerent heuristic scenarios were developed
and accordingly, LGP and NN models were developed based on these scenarios. The performance of
each model was compared based on the well-known
statistical performance measures. The results were
tabulated and illustrated in scatter and time-series
diagrams.
2. Linear genetic programming (LGP)
GP technique is an automatic, computerized creation of computer programs in order to solve a

selected problem using Darwinian natural selection. LGP, a linear variant of GP, uses a speciﬁc
linear representation of computer programs. The
name ‘linear’ refers to the structure of the (imperative) program representation, and does not stand
for functional genetic programs that are restricted
to a linear list of nodes only. On the contrary,
genetic programs normally represent highly nonlinear solutions in this meaning (Brameier 2004).
The main characteristic of LGP in comparison
to conventional tree-based GP is that the expressions of a functional programming language (like
LISP) are substituted by programs of an imperative language (like C or C++).
The main characteristics of LGP are the graphbased data ﬂow that results from a multiple usage
of indexed variables (registers, r[i]) and evolving
programs in a low-level language, in which the solutions are directly manipulated as binary machine
codes and executed without using an interpreter
(Banzhaf et al 1998; Bramier 2004). In this way
the computer program can be evolved very quickly
(Bhattacharya et al 2001; Brameier and Banzhaf
2001; Foster 2001).
Each individual program in LGP is represented
by a variable-length sequence of simple C language
instructions. These instructions operate on one or
more registers (r[i]) or constants (c) from predeﬁned sets (Bramier 2003; Oltean and Groşan 2003).
An example of LGP program can be:
Void LGP
double v[3];
{
r[0]+ = v[0];
r[1]= r[0] - v[2];
r[0]/ = v[1];
r[2]= - v[3];
r[0]* = 2.53;
r[0]/ = r[0]* r[2];
}
where v[i] represents the input and output variables used in LGP modelling.
The function set of the system can be composed of arithmetic operations (+, −, /, ∗), conditional branches (if v[i] ≤ v[k]), and function calls
(f ∈ {ex , x, sin, cos, tan, log, sqrt, ln, power}.
Each function implicitly includes an assignment to
a variable v[i], which facilitates the use of multiple
program outputs in LGP, whereas in tree-based
GP, the side eﬀects need to be incorporated explicitly (Brameier and Banzhaf 2001). After several
trials, the functional set and operational parameters given in table 1 have been used in LGP
modelling during this study.
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Table 1. Parameters of the LGP model.
Parameter

Description of parameter

p1
p2
p3
p4
p5
p6
p7
p8
p9
p10

Function set
Population size
Mutation frequency %
Cross-over frequency %
Number of replication
Block mutation rate %
Instruction mutation rate %
Instruction data mutation rate %
Homologous cross-over %
Program size

LGP utilizes two-point string cross-over. A segment of random position and random length is
selected in both parents and exchanged between
them. If one of the resulting children would exceed
the maximum length, cross-over is abandoned
and restarted by exchanging equalized segments
(Brameier and Banzhaf 2001).
An operand or operator of an instruction is
changed by mutation into another symbol over
the same set. LGP also employs a special kind of
mutation (called macro mutation) which deletes or
inserts an entire instruction.
The ﬁtness of an LGP individual may be computed by using the equation:

f=

N


|Oj − Ej |,

(2)

j=1

where Oj is the value returned by a chromosome
for the ﬁtness case j, and Ej is the expected value
for the ﬁtness case j.
In LGP, the maximum size of the program is
usually restricted to avoid over-growing programs
without bound (Brameier and Banzhaf 2001). In
this study, the maximum size of each program has
been set to 256, starting with 80 instructions per
program. This conﬁguration has been tested for
each LGP model and has been experienced to be
suﬃcient.
The best individual (program) of a trained LGP
can be converted into a functional representation
by successive replacements of v[i] starting with the
last eﬀective instruction (Oltean and Groşan 2003).
Further details on LGP can be found in Brameier
and Banzhaf (2001) and Bramier (2003).
3. Neural networks
In this study, the Multilayer Perceptron Neural
Networks (MLPNNs) (Rumelhart 1986) with one

Setting of parameter
√
+, −, ∗, /, , power
250
95
50
10
30
30
40
95
Initial 80, maximum 256

single hidden layer, and Generalized Regression
Neural Networks (GRNNs) (Specht 1991) were
employed. In the architecture, logistic transfer function (y = 1/(1 + e−x )) is utilized. The
Levenberg–Marquardt back-propagation algorithm
was employed to optimize the weights in neural
networks. The interested reader should refer to
Cigizoglu and Alp (2006) and Tayfur (2002) for
further details on NN modelling.
One of the main issues in MLPNNs modelling is
to obtain the optimal network architecture (number of input–number of hidden neurons–number
of output) (Guven et al 2006; Guven and Gunal
2008). Most of the studies in the literature searched
for optimal MLPNNs architecture by increasing
the number of neurons in each trial and monitoring the performance of the model based on an error
criterion. However, this method usually leads to
local optimum and the resultant NN model may
suﬀer from over- or under-predictions in validation datasets. However, GRNNs do not require an
iterative training procedure as in MLPNN algorithm. GRNN approximates any arbitrary function between input and output vectors, drawing the
function estimate directly from the training data
(Cigizoglu and Alp 2006).
To overcome the above-mentioned issue, a
genetic algorithm was used to obtain the global
optimal architecture of the proposed MLPNN
models. The algorithm of genetic search for an
optimal NNs architecture applies a systematic evolutionary search to determine the best number
of hidden neurons to get the best generalization
capacity. A combination of genetic operators of
selection, cross-over and mutation is used. The
neural network, produced from each generation,
is trained to optimize the number of hidden
neurons to minimize the ﬁtness function (error)
between the observed and predicted output. The
architecture is ranked and the best architecture
giving the minimal error is chosen (Guven and
Gunal 2008).
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4. Auto-regressive model

Auto-regressive (AR) model is the most widely
used traditional time-series analysis. The model is
usually referred to as the AR(p) model where p
is the order model. The AR(p) model for timeseries of daily ﬂow rate can be represented as:
p


αi Q(t − i) + ε(t),

(3)

Figure 1. Cross correlations between time-lagged Q (m3 /s)
values.

where αi is the model parameter, c is a constant,
and ε(t) is random error.
In this study, the AR(p) models are developed
using an Excel add-in software. The model parameters are selected using Akaike’s Information Criterion (AIC), given in equation (12).

higher than 0.3 for four time lags (t − 1, t − 2, t − 3
and t − 4), and equal or lower than 0.2 after a time
lag of 5 days. Similar ﬁndings were observed in
LGP and NN modelling, namely, adding Q(t − 5)
and the further time-series to the input set did
not make any change in the training performance
of both LGP and NN models. Therefore, it was
decided to use the time series from t − 1 to t − 4 as
input set in present modelling applications.
The relationship in equation (1) was used
while developing diﬀerent time-series scenarios
for model development. The ﬁrst scenario was
Q(t) = f (Q(t − 1)) and for each next scenario,
Q(t − 2) to Q(t − d) were added to the input set,
one after another:

Q(t) = c +

i=1

5. Study area and data used
The dataset used in this study was obtained from
the U.S. Geological Survey (USGS). The time
series of daily discharge data from station 01470500
(lat. 40 31 21 , long. 75 59 55 ) Schuylkill River
at Berne, PA, USA are used. The drainage area
at this site is 919.45 km2 . Information on the daily
time series for the station can be acquired from
the USGS web server (http://www.usgs.gov). The
data from October 1, 2002 to September 30, 2006
were chosen for training of the proposed LGP
and NN models, and data of October 1, 2006 to
September 30, 2007 were chosen for testing the
models. Additionally, a dataset from October 1,
2007 to September 30, 2008 was reserved for application. During the analysis of data, a scattered
relationship between time-lagged discharge values
was observed. The discharge values ranges between
2.123 and 971.03 m 3 /s.
6. Development and evaluation
of the models
As explained in the preceding section, the daily
discharge data between 10.01.2002 and 09.30.2006
were used as a training set (1824 sets) and the
data between 10.01.2006 and 09.30.2007 as a testing set (730 sets) for calibration and validation of
both LGP and NN models. Referring to Tayfur and
Guldal (2006), ﬁrstly the cross-correlation between
the discharge at present time (Q(t)) and timelagged discharges (Q(t − 1), . . . , Q(t − d)) was
evaluated. Figure 1 shows the cross-correlation values between Q(t) and each time-lagged Q values.
It is clearly seen from this ﬁgure that, R values are

Q(t) = f (Q(t − 1)),

(4)

Q(t) = f (Q(t − 1), Q(t − 2)),

(5)

Q(t) = f (Q(t − 1), Q(t − 2), Q(t − 3)),

(6)

Q(t) = f (Q(t − 1), Q(t − 2), Q(t − 3), Q(t − 4)).
(7)
The testing results of LGP and NN models,
in terms of coeﬃcient of determination R2 , mean
square error (MSE) and mean absolute error
(MAE) (see Tayfur and Singh 2006 for deﬁnitions),
are given in table 2. The common statistical characteristics (maximum, minimum, average and standard deviation) of the observed and predicted Q(t)
values for testing set are given in table 3. Also the
predictions of the proposed LGP and NN models
to the observed discharges (Q(t)) for testing set are
illustrated in ﬁgures 2 and 3, respectively.
Referring to table 2, it can be stated that the
LGP2 model outperformed the other LGP models
with the highest R2 (0.691) and the lowest MSE
(107.914 m 6 /s2 ) and MAE (0.072) values. Another
important ﬁnding from table 2 is that, LGP and
NN models gave the best testing results for input
set {Q(t − 1), Q(t − 2)}, among corresponding four
scenarios given in equations (4)–(7). No signiﬁcant
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Table 2. Testing results of LGP and NN models.
MSE
(m6 /s2 )

MAE

R2

AIC

Optimal
architecture

127.214
107.914
126.374
140.065
272.35
222.11
295.809
1970.50
403.095
262.48
335.067
309.045
278.75

4.441
3.960
5.170
6.706
5.168
4.509
7.128
8.321
13.206
6.565
8.235
6.700
5.413

0.616
0.691
0.615
0.584
0.615
0.677
0.591
0.246
0.419
0.645
0.517
0.539
0.630

1792.74
1728.69
1782.33
1790.33
2077.13
2054.16
2062.03
3012.91
2217.70
2136.46
2238.23
2296.72
2067.96

–
–
–
–
1–9–1
2–12–1
3–7–1
4–23–1
1–5–1
2–9–1
3–13–1
4–17–1
–

Model
LGP1
LGP2
LGP3
LGP4
MLPNN1
MLPNN2
MLPNN3
MLPNN4
GRNN1
GRNN2
GRNN3
GRNN4
AR(3)

discrepancy was observed among the testing results
of MLPNN and GRNN models.
Table 3 shows that all of the models failed to
predict Qmax in the testing period (305.75 m 3 /s),
and prediction of LGP2 model is the closest one (141.81 m 3 /s). Also, moderate diﬀerences
were observed among statistical measures of the
observed testing set and those of the predicted
ones. The underlying reason for this can be
explained by the considerable discrepancy observed
between statistical characteristics of the training
and testing periods.
Referring to the overall performance of all
models given in tables 2 and 3, LGP2 can be
said to outperform all other models. The simpliﬁed analytic form of LGP2 model is given in equation (8), for the purpose of re-evaluation in further
studies:
Q(t) =



F1 × Q(t − 1) · 2F2 − 3F2 ,

(8)

where
Q(t − 1) Q(t − 1)
−
, (9)
F1 = (2(F23 − 1)2 − F2 )
Q(t − 2) Q(t − 2)

F2 =

−2Q2 (t

Q(t − 1)Q(t − 2)
,
− 2) − 4.01Q(t − 2) + 2.394

(10)

 

0.5
Q(t − 1)
2 −
− 5.56
F3 =
F2
F2
×
Q(t − 2)


− 0.587.

(11)

In order to get more reliable evaluation and
comparison, AR(p) model is also used as a traditional method for time-series modelling of daily
ﬂow rate. Therefore, the same training and testing datasets utilized in LGP and NN modelling are
also employed in developing diﬀerent AR(p) models. The AIC results of AR(p) models, p ranging
from 1 to 10, for the testing set are illustrated in
ﬁgure 4. The aim is to select the optimal model,
which gives the minimum AIC. It is clearly seen
that AR(3) model, containing Q(t − 1), Q(t − 2)
and Q(t − 3) as inputs and Q(t) as output, can be
chosen as the optimal AR model with minimum
AIC of 2067.96. The testing results of AR(3) are
given in tables 2 and 3. The results clarify that,
the testing results of AR(3) model can said to be
competitive with those of NN models.

7. Further application
7.1 Estimation of flood and
minimum discharges
During the testing period, a number of ﬂoods
occurred, the maximum of which was recorded
on November 17, 2006 with a magnitude of
305.75 m 3 /s. The LGP2 model predicted it as
147.81 m 3 /s, which is the closest value among those
of the proposed models. MLPNN2 model predicted
the ﬂood as 143.33 m3 /s with a second best performance. Table 4 shows the observed and estimated
ﬂood and minimum ﬂow values that occurred at
testing period. It is clearly seen that, LGP models
generally predicted the maximum and minimum
discharge values better than the NN models. AR(3)
model predictions are observed to be almost as
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Table 3. Statistical performance of the proposed models for testing set.
Qmax
(m3 /s)

Qmin
(m3 /s)

Qmean
(m3 /s)

Sx
(m3 /s)

Cv

Observed
Q(t) (m3 /s)

305.75

3.20

21.67

25.69

1.19

LGP1
LGP2
LGP3
LGP4
MLPNN1
MLPNN2
MLPNN3
MLPNN4
GRNN1
GRNN2
GRNN3
GRNN4
AR(3)

83.21
141.81
78.92
83.92
82.08
123.32
82.50
83.87
68.14
84.76
69.34
69.84
112.71

3.54
4.93
4.23
6.79
3.61
2.99
4.88
3.88
8.28
5.84
9.32
4.36
6.83

20.35
21.32
21.79
23.38
19.86
24.41
21.64
24.24
24.19
22.50
25.81
22.02
22.58

21.19
20.03
20.45
21.37
18.07
24.99
18.95
51.12
18.71
22.57
18.33
21.12
30.31

1.04
0.94
0.94
0.91
0.91
1.02
0.88
2.11
0.69
1.00
0.71
0.96
1.34

Note: Qmean – mean observed discharge, Sx – standard deviation, Qmin – minimum observed discharge, Qmax – maximum observed discharge, Cv – coeﬃcient
of variation.

Figure 2.

LGP predictions to observed Q(t) (m3 /s) values for testing set.

good as LGP2 model in the prediction of maximum
Q(t) values, especially better than those for the
last ﬁve peak discharges, but AR(3) predictions are
much worse than those of LGP2 for minimum Q(t)
values (see table 4). LGP models’ predictions are
closer to observed minimum discharges, compared
to other models. As a general view from table 4, the
predictions are higher than almost all the observed
minimum Q(t) values, whereas all models underpredicted the observed peak Q(t).

7.2 Generalization of LGP and NN models
The optimal NN architecture, which is related to
the number of neurons in the hidden layer, is one
of the most important tasks in MLPNN studies.
Generally, the trial and error approach is used. In
this study, the best architecture of the network was
obtained by a genetic algorithm, which avoids local
optimum problems associated with multilayer perceptron modelling, and grant for a global optimal
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MLPNN and GRNN predictions to observed Q(t) (m3 /s) values for testing set.

Figure 4. AIC values for AR(p) models for diﬀerent orders.

solution. There are several performance criteria
for measuring the generalization capacity of soft
computing techniques. In this study, Akaike Information Criterion (AIC) deﬁned by Akaike (1974) is
utilized to evaluate the robustness of the proposed
LGP and NN models.
AIC = N ln(MSE) + 2k,

(12)

where N is the number of samples in the testing
set, and k is the number of network weights.
AIC is used to measure the exchange between
testing performance and network size. The goal
is to minimize AIC to obtain a network with
the best generalization. The AIC values for the
predictions of proposed models for testing set is
given in table 2. Table 2 also shows the optimal
architecture (number of inputs–number of hidden
neurons–number of output) of each NN models.
Equation (14) implies that AIC increases with
increasing number network weights (i.e., number of hidden neurons in NN models), however,

table 2 shows that MLPNN2 has the lowest AIC
value as 2054.16 among MLPNN models despite
its higher number of neurons (12) than MLPNN1
(7 neurons) and MLPNN3 (9 neurons). This may
seem as a contradiction but actually, the lowest
MSE (222.11 m 6 /s2 ) of MLPNN2, among other
NN models, revealed the lowest AIC (= 2054.16)
despite the higher number of neurons it employed.
Table 5 gives the number of network weights of NN
models, which support the above ﬁndings.
As seen in table 2, AIC value of LGP2 model
is the lowest one among the others, and MLPNN2
model with 2–4–1 architecture, has the lowest AIC
value (2054.16) among the NN models.
7.3 Application
In this section, the robustness of the proposed LGP
and NN models are evaluated based on the application period. In other words, the models proposed in
this study are run for another dataset. Time-series
of discharge for October 1, 2007 to September 30,
2008 has been taken into consideration for application period. It is emphasized that the data of
this period was neither used in the training nor
testing period. The statistical results of Q(t) predictions to application data are given in table 5.
LGP2 model has the highest R2 as 0.59, and the
lowest MSE as 214.87 m 6 /s2 . Among the NN models, MLPNN2 can be said to have performed better
than the others with AIC = 2064.63 and R2 = 0.55
(see table 5).
The observed cumulative hydrograph during
the application period and the predictions of
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Table 4. Observed and estimated peak discharge values in testing set.
Q(t)
(m3 /s)

Date

LGP2

Maximum discharge values (m3 )
11.17.2006
305.75
147.81
11.18.2006
127.68
117.46
04.16.2007
125.98
113.29
04.17.2007
107.30
115.61
03.02.2007
98.24
10.33
11.16.2006
93.14
25.06
10.28.2006
90.88
12.65
11.19.2006
89.74
82.34
10.29.2006
89.18
117.58
03.24.2007
86.63
80.12
Minimum discharge values (m3 )
08.04.2007
3.20
08.03.2007
3.23
08.05.2007
3.31
09.25.2007
3.31
09.24.2007
3.34
08.02.2007
3.37
08.19.2007
3.43
08.18.2007
3.45
09.23.2007
3.51
08.15.2007
3.54

4.93
4.61
5.00
5.02
5.29
4.66
5.11
5.53
5.37
5.25

MLPNN2

GRNN2

AR(3)

143.33
111.06
82.13
176.25
9.23
31.85
12.24
93.67
97.08
116.67

68.14
149.75
49.63
91.53
14.52
29.23
16.77
22.01
62.71
65.06

112.71
105.70
109.46
110.73
76.36
83.55
96.46
95.57
96.15
75.65

5.21
5.40
4.91
5.07
6.39
1.65
6.15
6.68
6.49
6.30

10.28
10.49
10.24
10.37
10.48
11.27
10.46
10.56
10.51
10.56

6.83
6.99
6.76
7.26
5.53
7.45
4.91
7.57
7.37
7.81

Table 5. Statistical results of model predicitons in application data.

Model
LGP1
LGP2
LGP3
LGP4
MLPNN1
MLPNN2
MLPNN3
MLPNN4
GRNN1
GRNN2
GRNN3
GRNN4
AR(3)

MSE
(m6 /s2 )

R2

AIC

No. of ﬁtting
parameters
(k)

258.55
214.87
250.21
273.86
319.76
228.58
253.72
479.91
472.70
323.23
413.46
312.55
310.07

0.50
0.59
0.55
0.50
0.49
0.55
0.53
0.41
0.40
0.50
0.26
0.48
0.55

2051.61
1980.06
2039.64
2076.61
2149.17
2064.63
2088.72
2497.36
2275.84
2173.11
2314.97
2300.83
2101.93

12
10
12
14
22
41
34
122
14
32
58
102
4

Figure 5. Observed and predicted cumulative hydrograph
for application period.

LGP2, MLPNN2, GRNN2 and AR(3) models are
illustrated in ﬁgure 5. The ﬁgure also shows
the percentage of error for the corresponding
prediction during the application period. LGP2
model is observed to capture the cumulative
hydrograph with almost perfect agreement, with

the lowest percentage of error during the whole
period. It is clearly seen from the ﬁgure that
all the models underpredicted the cumulative discharges. LGP2’s predictions are clearly seen to be
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closer to the observed ones, compared to other
models.
The last column in table 5 shows the number of
ﬁtting parameters (k) included in the corresponding model. This column shows that the LGP
models have signiﬁcantly less number of model
parameters than the NN models. The proposed
LGP models can be attributed as more practical and robust than the NN models, considering the network size and predicting performance
together.
8. Conclusions
The main goal of this study is to propose LGP
as an alternative method of predicting time series
of river discharge data, and to evaluate the performance of the proposed LGP models with wellvalidated MLPNN and GRNN techniques. For this
purpose, diﬀerent LGP and NN models have been
developed, and the statistical performance of each
model was evaluated based on well-known performance measures. The results showed that both
LGP and NN techniques predicted the daily time
series of discharge with quite good agreement with
the observed data. As a conventional method, autoregressive (AR) models were also developed for
time-series modelling of the same datasets. As a
general view, LGP models performed moderately
better than NNs and AR(3) models. Especially,
in predicting the peak (maximum and minimum)
discharge values, LGP2 model was clearly superior to those of NNs and AR(3). Consequently, the
results of this study are very promising and support the use of LGP in predicting the nonlinear
and dynamic river ﬂow parameters.
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