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a b s t r a c t

Forecasting lake level at various horizons is a critical issue in navigation, water resource plan-

ning and catchment management. In this article, multistep ahead predictive models of pre-

dicting daily lake levels for three prediction horizons were created. The models were devel-

oped using a novel method based on support vector machine (SVM) coupled with firefly algo-

rithm (FA). The FA was applied to estimate the optimal SVM parameters. Daily water-level data

from Urmia Lake in northwestern Iran were used to train, test and validate the used technique.

The prediction results of the SVM–FA models were compared to the genetic programming (GP)

and artificial neural networks (ANNs) models. The experimental results showed that an im-

provement in the predictive accuracy and capability of generalization can be achieved by the

SVM–FA approach in comparison to the GP and ANN in 1 day ahead lake level forecast. More-

over, the findings indicated that the developed SVM–FA models can be used with confidence

for further work on formulating a novel model of predictive strategy for lake level prediction.

© 2015 Elsevier Inc. All rights reserved.
1. Introduction

Lakes provide water for various domestic, industrial and agricultural applications [1]. Forecasting level of lake water using the

previously recorded levels is an interesting approach in water resource planning, lake navigation, management of tidal irrigation

as well as drainage canals. Level of lake water is affected by the natural water exchange between the lake and its watershed;

thus, the water level reflects the climate changes within the region [2]. For many research and practical applications, it would be

beneficial to have a model capable of simulating (and predicting) water level variations based solely on the previously recorded

values [2]. So far, numerous studies have been carried out for predicting fluctuations of sea/lake water level using several models,

including the neural networks, neuro-fuzzy and genetic programming [2–5].
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Table 1

Statistical parameters of the used data set during the study period [2].

Xmean Xmax Xmin SD CV Csx

Training period 1275.5 1277 1273.5 0.93 0.001 −0.93

Testing period 1275.7 1277 1275 0.4 0.001 0.89

Validation period 1276.6 1278.4 1275 0.98 0.001 0.07

Entire dataset 1276 1278.4 1273.5 0.94 0.001 −0.13

Fig. 1. Urmia Lake map.
In this article, we introduce prediction models of daily lake levels for different prediction horizons using the data acquired

from Urmia Lake in northwestern Iran. The proposed models were developed using the soft computing approach, namely the

support vector machine (SVM) with firefly algorithm (FA).

The SVM is an intelligent technique, which is employed in several engineering disciplines [6,7]. The prediction accuracy of

an SVM model highly depends on proper selection of parameters. Various optimization algorithms have been used for selection

of these parameters [8–10], such as the grid search algorithm [11] and gradient decent algorithm [12], but the success rate has

been minimal. Computational complexity seems to be the main disadvantage of the grid method, which restricts its applicability

to simple cases. The grid search algorithm is also prone to local minima. Multiple local solutions exist for most of the optimiza-

tion problems and evolutionary algorithms seem to be the best, because they are capable of providing global solution to such

problems.

Nature-inspired metaheuristic optimization algorithms, such as the ant colony optimization (ACO), genetic algorithm (GA),

particle swarm optimization (PSO) and cuckoo search (CS) have found wide applications in different fields of science for several

hybrid algorithms [13–24]. The basis of these algorithms is the selection of the most appropriate in natural systems [25]. The

latest algorithm among the nature-inspired metaheuristic optimization algorithms is the firefly algorithm (FA) [26]. The FA is be-

lieved to be more robust and efficient in finding both global and local optima compared to others [27–33]. The prediction accuracy

of the SVM model highly depends on proper choice of model parameters. Even though prearranged approaches for parameter

selection are essential, alignment of the model parameter is also important. In this study, the FA was used for determination of

the SVM parameters.

A short-term predictive model of daily lake levels was developed using the SVM method, while the model parameters were

obtained by the FA. The SVM–FA results were also compared to the genetic programing (GP) and artificial neural networks (ANNs)

results.

The organization of the remaining parts of this paper is as follows: Section 2 explains the lake level data and predic-

tion models for different prediction horizons. Section 3 describes the SVM–FA method, as well as GP and ANN as bench-

mark methods. The comparative results and discussion are put forward in Section 4. Finally, the conclusions are presented in

Section 5.

2. Region and data description

Daily records of water level from Urmia Lake (North-Western Iran) were used in the present study. This lake is the world’s

second largest saline lake. It has started drying out, which has a dramatic impact on the environmental conditions of the neighbor

regions. Table 1 presents statistics of the daily water level X, in which Csx, CV, Xmax, SD, Xmean, and Xmin represent the skewness

coefficient, coefficient of variation, maximum, standard deviation, mean and, minimum, respectively. It can be seen from Table 1

that the train and test data have more skewed distribution than the validation data. Fig. 1 shows the lake map.

From the available time series and the list of water level fluctuations, 6 inputs were used to develop the predictive model.

Due to the pronounced inertia of water level fluctuation, time-lagged water level fluctuation was created. The list of the 6 inputs

is presented in Table 2.
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Table 2

List and description of inputs for water level

fluctuation modeling.

Input ID Input

1 Water level fluctuation (t)

2 Water level fluctuation (t − 1)

3 Water level fluctuation (t − 2)

4 Water level fluctuation (t − 3)

5 Water level fluctuation (t − 4)

6 Water level fluctuation (t − 5)
3. Soft computing prediction algorithms

This section describes the soft computing prediction algorithms used in this study. In this view, Section 3.1 elaborates on

the support vector machine theory. Section 3.1.1 introduces the firefly searching algorithm. Section 3.2 presents artificial neural

network with all used parameters. Finally Section 3.3 gives the main details of applied genetic programming method.

3.1. Support vector machine

Support vector machine (SVM) is a new soft computing learning algorithm that has been used in the field of hydrology, envi-

ronmental studies and computing [34–39]. Its main applications are in regression analysis, classification, forecasting and pattern

recognition, which have shown improved performance over the former methods, such as neural network [40–45]. References

[46,47] describe the philosophy behind the SVM development. Structural risk minimization and statistical machine learning

process are the bases of SVM. The risk minimization reduces the upper-bound generalization error instead of traditional local

training error [47]. Moreover, the SVM offers an exceptional solution towing to the convex characteristic of the ideal problem

and employs high-dimensional spaced set of kernel functions that subtly includes non-linear transformation. Therefore, it has

no hypothesis in functional transformation, which makes it essential to have linearly divisible data.

Eqs. (1)–(4) express the SVM equations based on the theory of Vapnik. Suppose a series of data points = {xi, di}n
i
, where n

is the data size, di represents the target value and xi is the input space vector of the sample. The SVM estimates the function as

represented in Eqs. (1) and (2).

f (x) = wϕ(x) + b (1)

RSVMs(C) = 1

2
w2 + C

1

n

n∑
i=1

L(xi, di) (2)

Here, ϕ(x) is the high-dimensional space feature that plots the x input space vector, b is a scalar, w represents a normal vector

and C 1
n

∑n
i=1 L(xi, di) signifies the empirical error. b and w can be assessed by Eq. (2) (minimization of regularized risk) following

the ξi and ξ ∗
i

positive slack variables, which characterize upper and lower excess deviation [47].

Minimize RSVMs(w, ξ (∗)) = 1/2 ‖ w‖2 + C

n∑
(i=1)

(ξi + ξ ∗
i )

Subject to

{
di − wϕ(xi) + bi ≤ ε + ξi

wϕ(xi) + bi − di ≤ ε + ξ ∗
i

ξi, ξ ∗
i

≥ 0, i = 1, . . . , l
(3)

where 1
2 w2 represents the regularization term, l represents the quantity of features in the training dataset, C is the factor of error

penalty for controlling the difference between the empirical error and regularization term and ε denotes the loss function, which

associates with the approximation precision of the training dataset.

Eq. (1) is solved by the optimality constraints and Lagrange multiplier, and a generic function is obtained based on Eq. (4).

f (x, aia
∗
i ) =

n∑
i=1

(αi − α∗
i )K(x, xi) + b (4)

where the kernel function is K(xi, x j) and K(x, xi) = ϕ(xi)ϕ(x j), as product of xi and x j inner vectors in ϕ(xi) and ϕ(x j) the feature

space, respectively.

The SVM mainly finds correlation of data through non-linear mapping. Provided that there is a method to calculate the inner

product of feature space directly as a function of main input variable, a non-linear learning machine can be developed as a direct

calculation technique of a kernel function. As such, the SVM is flexible in selecting the kernel functions, which indirectly develop

a higher-dimensional feature space through data conversion. The results obtained from the higher-dimensional feature space are

similar to the findings of the lower-dimensional input space.
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Fig. 2. The network architecture of SVM.
The SVM provides some basic kernel functions, i.e., radial basis, lineal, polynomial and sigmoid functions. It has been proved

that the radial basis function (RBF) is the best kernel function owing to its computational reliability, simplicity, efficiency, sim-

plicity of converting to optimization and its flexibility in treating more complex parameters [48–50]. The RBF kernel solves a set

of linear equations rather than the computationally demanding and long quadratic programming problem for its training [51].

Thus, in this study it was adopted with σ . The kernel function of non-linear radial basis is:

K(xi, x j) = e−γ xi−x j
2

(5)

where variables xi and x j are vectors in the input space, i.e. vectors of features computed from training or testing dataset.

In Fig. 2, the hidden nodes’ centers are the SVM’s support vectors and weights, named as the Lagrange multipliers

(αi = αi − α∗
i
) that determine the relative significance of the training datasets for the final output.

The accuracy of forecast is very much reliant on the choice of 3 parameters (C, γ , and ε). The FA was used to optimize the

parameter selection.

3.1.1. SVM parameters selection using firefly optimization algorithm

Firefly algorithm is grounded on a definite behavioral pattern, most especially as seen in the fireflies’ flashing behavior. The

fireflies attract prey or mates via the bioluminescence principle. Other fireflies can track another firefly by its luminance enables.

This idea of luminance has been used to create algorithms for optimization problem solving. FA has been adjudged to be more

robust and efficient in search of global and local optima compared to other nature-inspired optimization algorithms [52–54].

There are fundamental rules in the development of FA. The nature of the encoded cost function changes the brightness of

every firefly, the proportion of brightness to the objective function or value of the fitness. The fireflies are presumed unisex;

therefore, each of them can attract the other regardless of its gender. The attractiveness of one to another firefly is relational to the

luminance quantity or intensity, which drops as their distance increases. Thus, those fireflies with less brightness are attracted

to the firefly with more luminance. The variation of light strength and formulation of the objective function (attractiveness) are

the main problems in the development of FA. For example, the fitness function in the optimal design problem including objective

function maximization is relative to the amount of light produced. Consequently, as the fireflies go farther from each other, the

light intensity decreases, which will result in intensity variation and thus the attractiveness decreases between them. The light

intensity with changing distance is represented by Eq. (6).

I(r) = Ioe−γ r2

(6)

In this equation, Io is initial light intensity, the light intensity at r (distance) from a firefly is shown by I, γ represents the coefficient

of light absorption that ranges between 0.1 and 10 (r = 0) [55]. Since attractiveness is relative to the intensity of light seen by

nearby firefly, the attractiveness β at r (distance) from the firefly is:

β(r) = βoe−γ r2

(7)

where βo is the attractiveness at r = 0. Eq. (7) is 	 = 1/
√

γ ; obvious changes arise from βo to βoe−1.

Eq. (8) calculates the distance (Cartesian) between any 2 i and j fireflies.

ri j = xi + x j =
√

d∑
k=1

(xi,k − x j,k) (8)
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Fig. 3. Pseudo-code for firefly algorithm.
The movement of i due to attraction to j (brighter firefly) is symbolized as:


xi = βoe−γ r2

(x j − xi) + αεi (9)

Here, the 1st equation term is a result of attraction, the 2nd one signifies the randomization and coefficient of randomization (α)

ranges from 0 to 1 [55]. The random number vector is εi, obtained from a Gaussian distribution. The subsequent movement of

firefly i is:

xi+1
i

= xi + 
xi (10)

Fig. 3 summarizes the basic phases of firefly algorithm development.

The SVM models’ performance is reliant on the proper selection of parameters, which are computed by the FA. Fig. 4 depicts

the flow chart for obtaining the optimal SVM parameters. The optimal SVM parameters are presented in Table 3.

3.2. Artificial neural networks

A very common neural network architecture is the multilayer feed forward network with a back propagation learning algo-

rithm, which has been intensely studied and extensively used in numerous areas. Normally, it has 3 layers, including output,

input hidden layer. D = (X1, X2, , Xn)T and D ∈ Rn are the input vectors; in the hidden layer, Z = (Z1, Z2, , Zn)T is the output of

q neurons; and Y = (Y1,Y2, ,Yn)T and Y ∈ Rm are the output layer’s outputs. Supposing that and the threshold and the weight

between the hidden and input layers are yj and wij, respectively, and that the threshold and the weight between the output and

hidden layers are yk and wjk, respectively, the following will be output of every neuron in a output and hidden layers:

Zj = f

(
n∑

i=1

wi jXi − θ j

)
(11)

Yk = f

(
q∑

j=1

wk jZ j − θk

)
(12)

Here, transfer function represented by f , which is the mapping rule for the total input of neuron to its output, can be a good

instrument to add non-linearity to the design of network. The sigmoid function is one of the most popular functions, which

ranges from 0 to 1 and increases monotonically. The ANNs details can be accessed from [56–58]. Fig. 5 shows the ANN structure

and the parameters used for the ANN are summarized in Table 4. MATLAB software was used for the ANN simulations.

3.3. Genetic programming

As an evolutionary algorithm, GP defines the relationship between output and input variables. The GP assumes a preliminary

set of randomly produced programs, resultant from the accidental grouping of input variables, functions and numbers, which

comprise of mathematical functions (log, exp, sin and cos) arithmetic operators and comparison/logical functions. Then, this set

of probable solutions is exposed to an evolutionary process and the evolved programs’ ‘fitness’ is assessed (the extent to which

they solve the problem). Then, the programs with best fitness are nominated from the first population to exchange information
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Fig. 4. Flow chart of proposed FA-based parameter determination approach for the SVM classifier.

Table 3

User-defined parameters for SVM model.

SVM model Parameters

SVM–FA C = 1.74, γ = 0.47, ε = 0.27

Fig. 5. ANN structure.
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Table 4

User-defined parameters for ANN.

ANN parameters Activation function

Learning rate Momentum Hidden node Number of iteration

0.2 0.1 3, 6, 10 1000 Continuous log–sigmoid function

Table 5

The list of parameters employed in GP modeling.

Population size 512

Function set +,−, ∗, /,
√

, x2, ln(x), ex, ax

Head size 5–9

Chromosomes 20–30

Linking functions Addition, subtraction, arithmetic, trigonometric, multiplication

Number of genes 2–3

Mutation rate 91.46

One-point recombination rate 0.2

Two-point recombination rate 0.2

Homologous crossover rate 98.46

Crossover rate 30.56

Fitness function error type RMSE

Inversion rate 108.53

Gene transposition rate 0.1

Gene recombination rate 0.1
and develop better programs through ‘mutation’ and ‘crossover’. When the best program parts are exchanged with each other,

it is crossover, and when programs are changed randomly to generate new programs, it is termed as mutation. Those programs

with lower fitness are eliminated. This process of evolution is repeated to find representative expressions labeling the data that

are possible to interpret scientifically to gain knowledge. The GP has been explained in details in [59–61]. Table 5 summarizes

the parameters used per run of GP. MATLAB software was used for GP simulations.

4. Results and discussion

Predictive models of lake’s water levels were developed for 1 and 7 days ahead. As the inputs, we used previous water levels

from one to five days in the past. When developing multistep ahead prediction models, two approaches are possible: (a) iterated

prediction approach, and (b) direct prediction approach.

In the iterated prediction scheme, one step ahead prediction is used for building the subsequent predictions (i.e. for p steps

ahead). Contrary to this, in the direct prediction approach, separate (direct) prediction models are developed for each prediction

horizon.

Merits of each of these approaches are discussed extensively [62–64]. Here, the direct approach was adopted. Main benefit of

the direct approach is that the procedure is intuitive [65] and there is no accumulation of forecast error, which is not the case for

the iterated scheme. Moreover, the direct approach has been successfully used in electricity load forecasting [66–68]; a domain

quite similar to the one discussed in this work.

4.1. Input variables for model building

The dataset, consisting of observations for the period of 1972–2003 for each potential predictor was divided in the training set

(containing 50% of observations), test set (containing 25% of observations) and validation test (containing 25% of observations).

Time series of daily lake level with linear trend for training, test and validation sets are shown in Fig. 6.

The SVM performance depends on parameters selection, which is determined by the FA. Fig. 7 depicts the flow chart for

obtaining the optimal SVM parameters for prediction of water level fluctuation. The FA algorithm provides optimal SVM param-

eters. This is considered its main advantage. Yet, the FA is a data-driven approach; thus, the training data should be selected

carefully. The average computation time for the SVM–FA modeling was around 324 s using a PC with the Intel Core Duo CPU

E7600 @3.06 GHz and 2-GB RAM. The average computation time for the ANN and GP modeling using the same PC with the same

performances was 434 and 456 s, respectively. For the SVM–FA modeling, MATLAB software was used.

4.2. Evaluating accuracy of proposed models

Predictive performance of the proposed models was measured for training, testing and validation datasets by the root means

square error (RMSE), coefficient of determination (R2) and Pearson correlation coefficient (r). These statistics are defined as

follows:
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Fig. 6. Time series of the observed lake level values of for (a) training data set, (b) test data set and (c) validation set.

Fig. 7. Flow chart of proposed FA-based parameter determination approach for the SVM for water level fluctuation prediction.
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Fig. 8. Scatter plots of actual and predicted lake level values of using SVM–FA method for 1 day ahead for (a) training set, (b) testing set and (c) validation set.
where Pi and Oi are known as the experimental and forecast values of lake level, respectively, and n is the total number of test

data. The main goal of the training procedure was to achieve R2 and r coefficients higher than 0.99, because high correlation is

the most important factor of the prediction accuracy.

While some controversy regarding the validity of this error metrics does exist, it pertains to comparison of forecasting meth-

ods across different datasets [69,70], which was not the case in this work.
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Fig. 9. Scatter plots of actual and predicted lake level values using SVM–FA method for 7 days ahead for (a) training set, (b) testing set and (c) validation set.
4.3. Performance evaluation of proposed SVM–FA models

In this section, the performance results of the SVM–FA models are reported. Fig. 8 presents the training, testing and validation

accuracy of the developed SVM–FA model for the horizon of 1 day ahead. The majority of points are on the diagonal line for

one day ahead prediction model. Therefore, prediction findings are in line with the values measured for the SVM–FA technique.

Very high value of coefficient of determination for one day ahead prediction also confirms these results. As was expected, the

prediction accuracy deteriorates with the enlarged prediction horizon. However, training error is not a credible indicator for

prediction potential of a particular model.

To further prove the potential of the proposed SVM–FA method for the water level prediction, the method’s suitability for 7

days ahead prediction was assessed. Scatter plot of the observed water levels against the predicted ones is illustrated in Fig. 9.

The coefficient of determination in validation set (R2 = 0.9991) reveals that the predicted values were quite close to the observed
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Fig. 10. Predicted lake level values against measured data using SVM–FA method for (a) 1 day ahead for (b) 7 days ahead.

Table 6

Comparative performance statistics of the SVM–FA, ANN and GP models for different lake level prediction horizons.

Prediction horizon SVM–FA ANN GP

RMSE R2 r RMSE R2 r RMSE R2 r

1 day ahead Training 0.028259 0.9991 0.999534 0.028244 0.9991 0.999535 0.028234 0.9991 0.999535

Testing 0.005073 0.9987 0.999924 0.002979 0.9986 0.999974 0.002981 0.9986 0.999974

Validation 0.000565 0.9999 1 0.00093 0.9999 1 0.001347 0.9999 0.999999

7 days ahead Training 0.051682 0.9969 0.998442 0.053904 0.9967 0.998303 0.053484 0.9966 0.99833

Testing 0.035187 0.9926 0.996315 0.036516 0.9921 0.996035 0.036861 0.9919 0.995945

Validation 0.030238 0.9991 0.999534 0.029405 0.9991 0.999559 0.032507 0.9989 0.99946
values. But it is clear that 1 day ahead prediction model is better, because coefficient of determination in the validation set

was R2 = 0.9999). There are limited number of produced underestimated or overestimated values. Thus, high precision of the

predicted values is evident.

Fig. 10 presents predictions of the lake levels for 1 day and for 7 days ahead. Clear difference can be seen between these two

models. The model with 1 day ahead is more accurate than the 7 days ahead prediction model.

5. Performance comparison of SVM–FA, ANN and GP

To validate the virtues of the suggested SVM–FA approach on a more tangible and definite basis, the prediction precision of

the SVM–FA model was compared to those of the GP and ANN methods. For each of the three aforementioned methods, two

different direct predictive models were developed (for different prediction horizons). To compare, R2, RMSE and r were used. The

prediction accuracy of each model for training, test and validation datasets is summarized in Table 6.

For the training dataset, all the three methods yielded similar results. In case of 1 day ahead lake level forecasting, the SVM–

FA model performed better than the ANN and GP models in the validation period. In case of 7 days ahead lake level forecasting,

however, the SVM–FA did better forecasts than the GP. The ANN seems to be slightly better than the SVM–FA in this sense.

6. Conclusion

The ability of the SVM–FA model in prediction of daily lake levels was explored. The proposed SVM–FA models were developed

by combining the FA and SVM. The SVM implements structural minimization, whereas the FA is applied to determine the optimal

SVM parameters.

Observations collected from Urmia Lake (northwestern Iran) during 1972–2003 were used for model development and test-

ing. Two predictive models for different prediction horizons (1 day and 7 days ahead) were created using the SVM–FA. Compari-

son of the SVM–FA method with GP and ANN indicated that the SVM–FA model is superior to the GP and ANN in 1 day ahead lake

level prediction. The results suggest that the proposed SVM–FA model can be successfully used for short-term lake level forecast.
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