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Abstract
Accurate forecasting of streamflow is desired in many water resources planning and management, flood prevention and design development. In this study, the accuracy of two hybrid model, support vector machine - particle swarm optimization (SVM-PSO) and bat algorithm – backpropagation neural network (BA-BPNN) for monthly streamflow forecasting at Kuantan River located in Peninsular Malaysia are investigated and compared to regular SVM and BPNN model. Heuristic optimization namely PSO and BA are introduced to find
the optimum SVM and BPNN parameters. The input parameters to the forecasting models are antecedent streamflow, historical rainfall
and meteorological parameters namely evaporation, temperature, relative humidity and mean wind speed. Two performance evaluation
measure, root mean square error (RMSE) and coefficient of determination (R2) were employed to evaluate the performance of developed
forecasting model. It is found that, RMSE and R2 for hybrid SVM-PSO are 24.8267 m3/s and 0.9651 respectively while general SVM
model yields RMSE of 27.5086 m3/s and 0.9305 of R2 for testing phase. Besides that, hybrid BA-BPNN produces RMSE, 17.7579 m3/s
and R2, 0.7740 while BPNN model produces lower RMSE and R2 of 28.1396 m3/s and 0.5015 respectively. Therefore, the results indicate
that hybrid model, SVM-PSO and Bat-BPNN yield better performance as compared to general SVM and BPNN, respectively in
streamflow forecasting.
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1. Introduction
Application of artificial intelligence (AI) technique is an essential
approach in streamflow forecasting. The accuracy and reliability
of the forecasting model is desired for water resources planning
and management, flood prevention and design development.
Streamflow is known as multidimensional and highly nonlinear
nature, therefore forecasting accurate streamflow is very challenging [1, 2, 3]. In the past few decades, there are various application
of AI in streamflow forecasting, for instance, artificial neural network (ANN) [4, 5, 6], fuzzy logic [7, 8], genetic programming
(GP) [9, 10, 11], support vector machine [12, 13, 14, 15] and hybrid model [16, 17, 18, 19].
ANN has the ability of mapping nonlinear data and found to be a
reliable method for streamflow forecasting as it able to learn and
generalize non-linear time series data [20, 21, 22]. Besides that,
SVM based on statistical learning theory that employed structural
risk minimization principle has the advantage to compute large
nonlinear time series data. Previous study stated that SVM can
avoid underfitting and overfitting in ANN and very convenience
to many researchers [1, 2, 23].
One of the popular method in ANN called BPNN is use in this
study. General BPNN and SVM forecasting model is found to
have drawbacks during the learning process and the performance
of the models depending on the choice of parameters [1, 18, 24].

To find the optimum parameters is time consuming and there is no
rigid guideline to define the parameters [24]. Therefore,
metaheuristic method is introduced in this study as an optimization tool to find the optimum parameter for BPNN and SVM
called particle swarm optimization and bat algorithm [1]. Particle
swarm optimization (PSO) is a heuristic technique travels out the
search space and find out the optimum parameter of SVM [2].
Another efficient optimization algorithm is Bat algorithm (BA)
proposed by Yang, (2010) [25]. BA is based on echolocation capability of microbats that guide them to find their food [26, 27].
Various study on implementation of SVM-PSO can be found in
literature such as Sudheer et al., [2] studied forecasting of
streamflow considering streamflow and rainfall as the input parameters, Wang et al. [28] conducted rainfall forecasting and Xuan
et al. [29] studied forecasting of water quality. At present, there
are small number of applications of BA in streamflow forecasting.
However, BA is successfully implemented in other field such as
price forecasting [24, 26], output power prediction [30] and optimization [31, 27].
This study focuses on the application of support vector machine
and neural network based model to forecast monthly streamflow
for the study dataset at Kuantan River, Peninsular Malaysia.
Monthly dataset used in this study consist of antecedent
streamflow data, historical rainfall data and meteorology parameters namely evaporation, temperature, relative humidity and mean
wind speed. The performance of general SVM and ANN forecast-
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ing models then being compared to hybrid SVM-PSO and BABPNN, respectively.

4. Metaheuristic Method
4.1. Particle Swarm Optimization

2. Support Vector Machine
Support vector machine (SVM) is a machine learning methodology based statistical learning theory was first developed by Vapnik, (1995) [32, 2]. SVM implements structural risk minimization
(SRM) that able to minimize empirical and confidence interval of
the learning machine to attain good generalization capability [33,
23]. Besides that, SVM was a promising technique for classification and regression [34, 2]. Assume that, N training data [(x1, y1),
(x2, y2),….(xN, yN)], where N = 1,2,…,N, where N is the size of
training data, x is the input, y is the output. SVM solves optimization problem based on sequential minimal optimization (SMO):
Minimize

Particle swarm optimization (PSO) is an optimization technique is
based on the metaphor of social behaviour. In an analogy, a swarm
represent population while a particle is like an individual. The
particles move through a multidimensional search space where the
position of each particle is adjusted based on its own experience
and neighbours [38]. In this study PSO is used to find optimum
parameters of SVM, γ [2]. Changes of particle file to a new position by calculating the velocity corresponding to the equations, [38,
2]
Velocity,

(1)
(3)
Position,

subject to

(4)
where
are slack variables, indicating upper and lower
training errors.
Parameter C, the width of the tube controls the regression quality
and ε is the tube size and equivalent to the approximation accuracy
placed on training dataset. The most kernel function, radial basis
function (RBF) was decided to use in this study [23, 2]. The equation can be derived as,
(2)
where represent the ith support vector and x
RBF parameter which gives the width of the kernel. SVM model
developed in this study is standard SVM that has three mutually
dependent parameter C, ε and γ [2, 35].

3. Backpropagation Neural Network
BPNN is based on layered feed forward ANN, organized in layers
that consist of three different layers. BPNN algorithm is implements to reduce the error until ANN learns the training data. The
training is starts with random weights and BPNN used to adjust
the weights to minimize the error [36]. A basic three-layered feedforward neural network includes other elements namely nodes and
connection pathway to connect them. As neural network method is
based on biological neural network of the human brain, the nodes
are called neurons which is to process the elements of the network
[37]. Fig. 1 illustrates standard architecture of neural network.
Input layer

Hidden layer

Output layer

Input 1

where
is the velocity of particles i in dimension j = 1,…,nx
at time step t,
is the position of particles i in dimension j at
time step t, c1 and c2 are positive acceleration constant, r1 and r2
are random numbers between 0 to 1 [2]. Next, represents the
inertia weight to control the impact of velocity’s history on the
current value.
Flow chart of hybrid SVM-PSO architecture is demonstrated in
Fig. 2. From the chart, the fitness function values are repetitively
determined until meet the stopping criteria. In this study, the stopping criteria to stop the iterative search process is when the maximum allowable number of iterations reaches to 30 [39, 2]. The
acceleration constant, c1 and c2 were set to 2.0 [2].

4.2. Bat Algorithm
Bat algorithm (BA) is inspired from search of bats to find their
food. It is based on the echolocation behaviour of bats. The characteristic of echolocation is idealized from the following three
rules [25]:
i. All bats practice echolocation to sense distance and able to
identify the difference between food/prey and background
barriers in some magical way.
ii. Bats fly randomly with velocity vi at position xi with a fixed
frequency fmin, varying wavelength  and loudness A0 to seek
for prey. They are able to adjust the wavelength/ frequency of
their emitted pulse and the rate of pulse emission r ∈ [0, 1]
automatically depends on the proximity of their target.
iii. It is assumed that the loudness varies from a large (positive)
A0 to a minimum constant value Amin even though the loudness can be varied in many ways.
The new position xi, frequency fi and velocities vi at time step t as
in the equation below:
(5)

Input 2

(6)
Output
Input 3

(7)

Input 4

Fig. 1: Basic architecture of neural network

where fmin and fmax are the pre-defined minimum and maximum
frequencies,  is a random number between 0 and 1,
is the
velocity of ith bat at iteration t - 1,
is the position of ith bat at
iteration t - 1, x∗ is the position of the best bat at this iteration.
These three equations are applied to every bat [27, 25].
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Calculate new fitness
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Fig. 2: Hybrid SVM-PSO architecture

No
Yes

A solution is selected among the current best solution for location
search. New solution is generated locally using random walk [1,
30]

Current global optimum

End of training

(8)
where θ is random number between -1 to 1 and At is average loudness of all bats at time t.
The loudness, Ai usually decrease while the emission pulse rate, ri
increase once the prey is found. Therefore, Ai and ri are updated
based on the following equations [1, 30]

Testing

End
Fig. 3: Hybrid BA-BPNN architecture

(9)
(10)
where α is loudness decay factor and γ is pulse increase factor.
Both parameters are constant and assumed to be equal, α = γ. The
value is set to 0.9 [1]. Flowchart of hybrid BA-BPNN as illustrated in Fig. 3.

5. Study Area and Dataset
5.1. Study Area
The study area is Kuantan River located in Peninsular Malaysia.
Fig. 4 shows the study area and the location of streamflow and
rainfall stations. Two rainfall station used namely Ldg. Kuala
Reman station and Ldg. Nada station. Only one available stream-
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flow station at the study area namely Sg. Kuantan station. This
study also limited to data that only available at the study area.

where
and
denote the actual and forecasted river flow at
time t, respectively and m is the number of forecasts. While,
are the average value of observed and forecast
river flow.

6. Result and Discussion
6.1. Comparison of Developed Forecasting Model

Kuantan
Streamflow station
Sg. Kuantan di Bukit Kenau
Rainfall station
Ldg. Kuala Reman
Kuantan
River
Rainfall station
Ldg. Nada
Fig. 4: Study area

5.2. Dataset
This study considered monthly historical rainfall data from two
different rainfall stations at Kuantan River. In addition, monthly
antecedent streamflow data and meteorology parameters namely
evaporation, temperature, relative humidity and mean wind speed
from 2008 to 2015 were used as the input parameters to the forecasting model. In the application, 70 percent of the total data were
used for training and 30 percent were used for testing. Table 1
indicates the description of study dataset. It is important to normalize the dataset to avoid error that caused by magnitude. In this
study, the dataset was normalized to [0, 1] implementing equation
below,
(11)
where x’ is scaled value, dimensionless;
and
represent actual data, minimum and maximum value of the dataset
respectively.
Table 1: Study dataset
Variable
1. Rainfall
2. Streamflow
3. Meteorology parameter
i. Evaporation
ii. Maximum temperature
iii. Minimum temperature
iv. Mean wind speed
v. Relative humidity

Dataset
Training

Testing

70%
(67 months)

30%
(29 months)

This study applied BPNN to forecast monthly streamflow for the
study dataset at chosen study area. BPNN forecasting model is
organized in three layer which are input, hidden and output layer.
Therefore, the number of hidden layers was set to two and population count was set to 20 [26]. Then, SVM forecasting model are
developed to compare with BPNN model. Radial basis function
(RBF) kernel was used in SVM model and parameter gamma (γ)
was set. In addition, another parameter in SVM which are C and ε
were set to 1.0 and 0.001 respectively [2].
In order to highlight the efficiency of optimization method introduced, comparison of hybrid SVM-PSO and BA-BPNN model is
then being focused. The purpose of PSO is to find the optimum
value of SVM parameter (γ), also, BA is to determine optimum
parameter for BPNN. For both PSO and BA, constant number of
population and iteration were used. The population count is set to
20 and the iteration is 30 [1].
The performance of all foresting model is illustrated in Table 2.
For training phase of forecasting, BPNN model yield RMSE of
28.7370 m3/s and R2 of 0.7014. The result from BPNN is found to
be reliable as the accuracy of the model is 70% for training phase.
However, BPNN yield the highest RMSE and lowest R2 for testing
phase which are 28.1396 m3/s and 0.5015, respectively. Therefore,
it is found that BPNN perform the least as compared to other forecasting models [1]. As compared the performance between BPNN
and BA-BPNN, it is clear that hybrid BA-BPNN performed better
forecasting as the model yield lower RMSE and reliable R2 for
both training (RMSE = 24.2422 m3/s, R2 = 0.6702) and testing
phase (RMSE = 17.7597 m3/s, R2 = 0.7440). Besides that, general
SVM model is compared to hybrid SVM-PSO model in
streamflow forecasting. SVM yielded lower accuracy as compared
to hybrid SVM-PSO model for both training and testing phase [2,
35]. The results tabulated in Table 2 show that for training phase,
SVM-PSO yield lower RMSE (24.8267 m3/s) as compared to
SVM (29.6758 m3/s) and SVM-PSO has higher correlation as
compared to SVM model which are the value of R2 is 0.7013 and
0.6279, respectively. Similar result is found for testing phase
which SVM-PSO model performed better as compared to SVM
model. RMSE and R2 for SVM-PSO are 24.8267 m3/s and 0.9651
while for SVM model are 27.5086 m3/s and 0.9305, respectively.
It is found that, in the optimization process, both BA and PSO
efficiently effect the performance of both general SVM and BPNN
as hybrid models yield better performance. Optimization technique iterates the number of analysis get optimum value of parameters to get optimum result of forecasting [2, 1, 35].

5.3. Performance Measure
The performance of the model in streamflow forecasting are evaluated using standard statistical performance evaluation namely
root mean square error (RMSE) coefficient of determination (R2)
which are defined respectively from equation (10)-(11). RMSE
measures the error between forecasted and actual data and R2
evaluates how well the forecasted streamflow correlates with actual streamflow.
(12)

(13)

Table 2: Forecasting performance of developed model
Training
Testing
RMSE
R2
RMSE
R2
Model
29.6758
0.6279
27.5086
0.9305
SVM
SVM-PSO
26.5588
0.7013
24.8267
0.9651
28.7370
0.7014
28.1396
0.5015
BPNN
BA-BPNN
24.2422
0.6702
17.7597
0.7440

In addition, as compared between both hybrid model SVM-PSO
and BA-BPNN for streamflow forecasting, from this study, it is
found that BA-BPNN yield better RMSE as compared to SVMPSO for both training and testing phase. However, SVM-PSO
have higher R2 for both training and testing phase as compared to
BA-BPNN. Therefore, in this case, it is extremely hard to decide
which hybrid model are more accurate to forecast streamflow,
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however the result from both models could be reliable as the mod-
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els yield good performances.

Fig. 5: Actual and forecasted monthly streamflow for testing phase by SVM, SVM-PSO, BPNN and BA-BPNN

7. Conclusion
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