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Abstract

This work presents the application of a data-driven model for streamflow predictions,
which can be one of the possibilities for the preventive protection of a population and
its property. A new methodology was investigated in which ensemble modeling by
data-driven models was applied and in which harmony search was used to optimize
the ensemble structure. The diversity of the individual basic learners which form the
ensemble is achieved through the application of different learning algorithms. In the
proposed ensemble modeling of river flow predictions, powerful algorithms with good
performances were used as ensemble constituents (gradient boosting machines, support
vector machines, random forests, etc.). The proposed ensemble provides a better degree
of precision in the prediction task, which was evaluated as a case study in comparison
with the ensemble components, although they were powerful algorithms themselves. For
this reason, the proposed methodology could be considered as a potential tool in flood
predictions and prediction tasks in general.

Keywords: time series of river flows, ensemble prediction, optimisation, harmony
search, data-driven methods

1. Introduction

Effective water resources management is one of the most crucial environmental challenges
of our time. The inundation and flooding of landscapes and urban areas are serious prob-
lems, which cause immense damage to infrastructures and human lives in various parts of
the world (e.g., recently in Australia, South America, Pakistan, West Africa and China, just
to mention a few). Flood prevention requires various management tools, among which flow
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prediction models occupy an important place. Flood warnings several days in advance could
provide civil protection authorities and the public with the necessary preparation time and
could reduce the socio-economic impacts of flooding [1].

This work presents the application of a data-driven model for streamflow predictions, which
can be one of the possibilities for the preventive protection of a population and its prop-
erty. There are various types of models for flow predictions: physically based, conceptual and
data-driven models are among the most well known. While physically based models mainly
depend on our knowledge of the physical laws in a watershed and on the corresponding
geographical database, which serve as an information background for the application of the
physical laws, data-driven models extract knowledge only from the monitored data describ-
ing the inputs and outputs of the watershed, e.g., time series of precipitation, temperatures,
river flows, etc. For this reason, data-driven models are much more suitable for this task. It
is not possible operatively to update all the detailed information about a watershed and its
stated variables on a day-to-day or even hour-to-hour basis, which is necessary in the case of
the application of physically based models.

The authors of this paper have focused on the application of a supervised learning methodology
for flow prediction, namely, on a proposed ensemble approach, with the aim of refining
the precision of the results of such modeling. In a typical supervised learning scheme, a set
of input data instances, also referred to as a training set, is given. The output values of these
data in the training set are known, and the goal is to construct a model in order to compute
the outputs for the new instances (where the outputs are unknown).

Various models frequently show different capacities to maintain certain aspects of the hydro-
logical processes [2], so the application of a single model often leads to predictions that could
be more precise in some part of the problem domain but are less suitable in others [3].

The recognition of this fact has led to the application of an ensemble or committee of mod-
els being simultaneously considered. Many researchers have shown that by combining the
output of many predictors, more accurate predictions can be produced than what could be
obtained from any of the individual predictors [4-6]. Individual predictors should be accurate
enough and also different from each other [7-9]. Sampling different training datasets, using
different learning architectures and using different subsets of variables are the most popular
approaches used to achieve such diversity [5, 10] in the application of the data-driven model-
ing approach. For example, in bagging [4], each classifier is trained using a different training
set sampled from all the available training data. Boosting algorithms are different and power-
ful ensemble learners, which implement forward stagewise additive modeling, where in each
stage the data are reweighted: the examples that produced the worst predictions gain weight
and the examples that produced precise results lose weight. Thus, the next basic learner is
focused more on examples that were previously incorrectly predicted. Stacking, another type
of ensemble learner concept, tries to learn which base models are more reliable than others by
using a meta data-driven algorithm, the task of which is to discover how to best combine the
output of the base models to achieve the final results.

In the field of streamflow forecasting, various papers have been published [3] in which the
data-driven ensemble modeling approach has been studied, but they are usually focused on
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climate inputs obtained by ensemble modeling of weather, which is not the subject of this
paper. Selection of existing works from the focus of this article follows.

The application of a modular approach that uses different neural network rainfall-runoff mod-
els according to the hydrologic situation in a catchment was presented in Ref. [11]. A specific
model from a set of trained models is proposed here to apply to particular input data. This
work proposes that the model used for particular inputs is chosen on the basis of the most
similar hydrological and meteorological conditions used to train the selected model. A clus-
tering technique based on self-organizing maps was applied to manage the model’s selection.
A boosting application is presented in Ref. [12], where the authors demonstrated the advan-
tages of an improved version of boosting, namely, AdaBoost.RT, which is compared to other
learning methods for several benchmarking problems, and two problems involving river flow
forecasting. In a recent study [13], the authors investigated the potential usage of bagging
and boosting in building classification and regression tree ensembles to refine the accuracy of
streamflow predictions. They report that the bagged model performs slightly better than the
boosted model in the testing phase. An ensemble neural network (ENN) designed to monthly
inflows forecasting was applied in Ref. [14] to prediction of inflows into the Daecheong Dam
in Korea. The ENN combined the outputs of the members of a neural network employing the
bagging method. The overall results showed that the ENN outperformed a simple artificial
neural network (ANN) among the three rainfall-runoff models. Cannon and Whitfield [15]
studied the use of ensemble neural network modeling in streamflow forecasting. Boucher
et al. [16] used bagged multi-layer perceptrons for the purpose of a 1-day ahead streamflow
forecasting on three watersheds.

In general, the ensemble methods as described in the published theoretical and application
papers are usually composed of weak predictors, e.g., decision trees or neural networks com-
monly used as base predictors while building ensemble machine learning models. On the
other hand, there are only a few works in which the ensemble is formed by a fusion of strong
learners. The authors of the present paper assume that it is also important to examine ensem-
bles based on nonweak learners, such as support vector machines, random forests or various
other types of strong models, which are in some cases eventually ensembles themselves (com-
posed of weak learners, e.g., various types of boosting methods).

A major goal of the analysis in this study is to precisely evaluate ensembles composed of
various strong machine learning algorithms in comparison with the results achieved by indi-
vidual learners. The final prediction by the proposed ensemble is accomplished by weighted
summation of the results of the individual learners. The specification of these weights is a
particularly important step in ensemble model building and is proposed to be solved with the
help of the harmony search optimization methodology [17]. The harmony search methodol
ogy has been successfully applied to various optimization tasks and also in the area of
hydrology and water resources management, e.g. [18, 19].

In Section 2, the methods of the particular machine learning algorithms involved in this study
are briefly explained, together with the ensemble methodologies used. Then, the data acquisi-
tion and preparation is presented. In Section 3, the settings of the experimental computations
are described and the results are evaluated. Finally, Section 4 summarizes the main achieve-
ments and conclusions of the work and proposes ideas for future work in this area.
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2. Materials and methods

2.1. Description of case study and preparation of data

Ensemble modeling by data-driven methods was applied for the 2-day ahead prediction of
flows on the Hron River in Slovakia. The watershed of this river is a sub-basin of the Danube
River. This task was accomplished by using data observed in the period from 01-01-1984 to
31-12-2000. Specifically, the average daily flow [m® s™], the average daily temperatures [°C]
and the daily rainfall depths [mm] were used.

The prediction of flows at the Banska Bystrica gauging station (Figure 1) serves as the case
study in this paper. Each row in the input file for this task includes the date of the predicted
flow, the predicted flow itself (two days” ahead —these are the modeled data, but their values
are necessary for the training and testing mechanism), the input data of the flows from the three
measuring stations, the temperatures from five meteorological stations, and the precipitation
from 51 stations. All the input data were included in the input dataset from 1, 2, 3 and 4 days
before the date of the predicted flow. This means that a summary of 238 variables is in each data
row. Because daily data were used from 01-01-1984 to 31-12-2000, 6209 rows are in the dataset.

Some data preprocessing procedures had to be accomplished: cleansing the data, formatting
it, inputting the missing data and normalizing it. These operations are not described here,
because they are common procedures in data mining. A few words will follow about the divi-
sion of the data and the sampling, which were important from the point of view of this paper.

The correct prediction of high flows is the most important task for flood predictions. The
period from 1996 to 2000 includes many situations with high flows and floods, which was the
reason for its selection as the testing period. The rest of the years (1984-1996) were used for
the training (Table 1).

A sampling of the data was also accomplished to obtain a balanced training dataset and data-
set that led to less demanding requirements from the point of view of the hardware and
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Figure 1. Map of the area studied within the Hron River watershed.
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Flows in Banska Bystrica Average temperatures—all 5 Average precipitation—all 51
[m?s7] stations [°C] stations [mm]

Data  Alldata Training Testing Alldata Training Testing All data Training Testing

(84-96) (96-00) (84-96) (96-00) (84-96) (96-00)
Min 5.18 5.18 5.29 -27.0 -27.0 -21.7 0.0 0.0 0.0
Max 219.20 219.20 157.90 27.6 27.3 27.6 123.6 123.6 93.5
Avg. 23.04 22.94 23.23 7.75 7.67 7.98 1.99 1.98 2.07

Table 1. Statistics of the data.

CPU time. Because of these computer power demands, sampling as a form of data reduc-
tion is a particularly important procedure in ensemble modeling, because in such modeling
many runs of many algorithms are necessary, and computer demands rise with the amount
of data used for training. A proper sampling methodology should be chosen in relation to the
properties of the data and the problem studied. In streamflow predictions, a high amount of
relatively low flows is usually available (also in the case studied), which led to the authors’
decision to filter out some of them. On the contrary, high flows are somewhat rare. Because
high flows are the most important data in flood predictions, the decision was made to filter
out the data nonuniformly and leave all the input rows with this rare and large flow data in
the final training dataset. Exactly, the same sampling of the same data was described in the
previous work of the authors of the present paper [20], in which more details can be found.

2.2. Methodology

The goal of the proposed ensemble methodology is to combine the predictions of several
models in order to improve the robustness/generalizability that could be obtained from any
of the constituent models. The proposed ensemble methodology for predicting the river
flows is divided into four equally important steps (Figure 2). The preparation of the data was
described in a previous part of this chapter. This section follows two subsections: in the first,
members of the ensemble are described, whereas the second subsection contains a description
of each model’s weight optimization by the harmony search methodology. The final model
is predicted using the weighted average of the base learners in which these weights are used.

2.2.1. Selection and training of ensemble members

In contrast to the usual approach when ensemble consists of less powerful algorithms, the
authors’ intention was to evaluate the use of strong algorithms for members of the ensemble.
The choice of “strong” algorithms is based on some papers, which evaluate existing data mining
algorithms [21, 22].

A grid search combined with a repeated cross-validation methodology was used for finding
the parameters of all the models included in the ensemble [6, 7]. In this approach, a set of each
model’s parameters from a predetermined grid is sent to the parameter-evaluating algorithm.
A 5-times repeated 10-fold cross validation was used to find best parameters for the final
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Figure 2. Proposed steps for the development of ensemble predictions of river flows.

models. Sampling of the data (as mentioned in the data preparation part of this chapter) was
used in this process, because each basic algorithm runs in such a strategy many times.

Only a sketch of the algorithms is provided hereinafter, because in this work, a number of
algorithms are used, and it is neither possible nor useful in this paper to go into a more
thorough explanation. In the case of interest, the authors have indicated links to the relevant
literature for detailed information.

2.2.1.1. Support vector machines (SVM)

A support vector machine (SVM) [23] is very effective, supervised, machine learning method
for various machine learning tasks. It is specific by using kernel trick-nonlinear mapping used
to transform the original training data of a nonlinear problem (which is also our case) into a
higher dimension. Herein, SVM learn a nonlinear function indirectly and easier: they learn
a linear function in the space induced by the particular kernel, which matches to a nonlinear
function in the original space.

The next important concept in SVM methodology is to fully ignore small errors. In SVM,
bounds for regression are set by defining the loss function that ignores errors, which are
situated within the distance ¢ of the true value. This type of function is called epsilon insensi-
tive loss function. As a consequence, good generalization of SVM is gained, because not all
the input vectors of data are used, but only the so-called support vectors, which are training
samples that lie outside of the boundary of the e-tube.

In this chapter, the e-SVM model was created by: (1) choosing a radial basis kernel with
parameter sigma = 0.0005; (2) specifying the ¢ parameter to be equal to 0.1 and (3) specifying
the capacity C =10.5. All parameters were found by a grid search.

Multilayer perceptron (MLP).

Artificial neural networks (ANNSs) are the most popular and well-known data-driven meth-
odology; it has been described and is available in various literature sources, e.g. [24]. Briefly
summarized, a multilayer perceptron, the most commonly used type of neural network,
which was used also in this work, consists of input, hidden and output layers, all of which
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contain some processing elements or neurons. Input and output layer contains as many neu-
rons as the model has input, respectively output variables. The so-called learning involves
determination of number, types and particular properties of neurons in hidden layer. This
layer is used for the transformation of the inputs to the outputs. A type of ANN known as a
multi-layer perceptron (MLP), which uses a back propagation training algorithm, was used
for generating the flow predictions in this study. The number of neurons in a hidden layer
was found by a grid search and is equal to 6. Neurons with a logistic activation function were
used in the hidden layer and with the linear activation function in the output layer.

2.2.1.2. Random forest (RF)

Random forests (RF) [25] are formed by a set of trees, which can either be classification or
regression trees, depending on the problem being addressed. An RF prediction is an average
of many trees (weak learners) grown on a bootstrap sample of the training data. The user
chooses the number of trees in the forest (ensemble). Each tree is trained using a different
bootstrap sample, which causes that different trees are obtained. For the regression task, the
values predicted by each tree are averaged to obtain the final random forest prediction. In
this work, a number of variables randomly sampled as candidates at each tree split were opti-
mized with the help of a grid search, with the final value equal to 123. The minimum size of
the terminal nodes is set at 5 and the number of trees at 500.

2.2.1.3. Multiple linear regression (MLR)

Multiple linear regression (MLR) analysis is generally used to find the relevant coefficients (a,
b, c,..., intercept) in the following model:

Y = aX +bX, +cX, +...+intercept (1)

This is a simple, well-known methodology, which the authors included in this paper mainly
for the purposes of comparison with other, more powerful, methods.

2.2.1.4. Generalized linear model with an elastic-net (GLMNET)

Also in this method, as in previous case, a linear model is applied for flows prediction.
Additional improvement in comparison to the basic multiple linear model is usage of regu-
larization technique while searching parameters a, b, c,... from Eq. (1).

Regularization introduces additional criterion (or penalty) to the objective functions of opti-
mization problems in order to prevent overfitting and for obtaining a more general model.
In this case, least squares method for linear regression is meant as optimization problem.
Various types of regularization exist. Ridge regression uses penalty, which limits the size of
the coefficients in Eq. (1). Lasso uses a type of penalty which is trying to set some coefficients
to be equal to zero. Elastic-net is a compromise between these two techniques and is used in
this work. In work presented in this paper software provided by the authors of this regular-
ization method was used [26].

159



160 Time Series Analysis and Applications

2.2.1.5. Multivariate adaptive regression splines (MARS)

MARS [27] construct regression relations from a set of coefficients f and linear basis functions
h that are determined from the training data. The general MARS model equation is given as:

y =00 = B+ 3 B,h,00 @
The basis function h(x) takes one of the following three forms:

1. A constant (the intercept).

2. A function of the form max(0, x — const) or max(0, const — x). MARS selects the values of
const for the knots of this function. These breakpoints define the region of application for
a particular linear equation.

3. A product of two or more of the above-mentioned functions. The model interactions be-
tween two or more variables are modeled in this case.

The best parameters of multivariate adaptive regression splines were found by a grid search
procedure; the maximum degree of interaction is equal to 1, and the maximum number of
terms (including the intercept) in the pruned model was found as 31.

In recent years, boosting has developed into one of the most important techniques for fitting
regression models in high-dimensional data settings. So, the authors decided to include the
proposed ensemble in the three boosting models described below. Boosting, or additive mod-
els [28], express the searched function as a weighted sum of the basis functions as follows:

foo =X, B, fmex) =X, B,00%7,) ©)

The basis functions b are dependent on the type of boosting method, and the parameters (8,
and y, ) are assessed by minimizing a loss function (e.g. a mean square error) over the training
data. Forward stagewise fitting is used for estimating , and y, sequentially from m =1 to n.
For example, for boosted trees with a squared error loss, we fit a least-squares regression tree
to the residuals of the previous iteration.

2.2.1.6. Boosted linear models (B_GLM)

In this case, a linear model is fitted using gradient boosting, where the component-wise linear
models are utilized as base learners. The methodology is described in Ref. [29]. In this work,
the R package mboost and glmboost function with a default setting were used for this meth-
odology [30, 31]. The number of initial boosting iterations was found by grid search and is
equal to 150; shrinkage parameter was set to 0.1.

2.2.1.7. Gradient Boosting with Smooth Components (B_GAM)

A (generalized) additive model is fitted in this case using a boosting algorithm based on com-
ponent-wise univariate base learners (where only one variable is updated in each iteration
of the algorithm) in combination with the L, loss function. A spline, which is a sufficiently
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smooth polynomial function that is piecewise-defined, is suitable for this task. It possesses
a high degree of smoothness at the places where the polynomial pieces connect (which are
known as “knots”). In this study, P-splines with a B-spline basis [32] were used as a base
learner. In each iteration of the gradient-boosting algorithm, a base learner is fitted to the
negative gradient of the L, loss function. The current estimate of the predictor function is then
updated with the actual estimate of the negative gradient, which automatically results in an
additive model fit. In this work, the gamboost function of the R mboost package [33] was used
to fit the flow prediction model. The number of initial boosting iterations was found by grid
search and is equal to 100; shrinkage parameter was set to 0.1.

2.2.1.8. Gradient boosting machines (GBM)

Gradient boosting machines (GBM) are one of the most powerful boosting methods. Similarly
to the other boosting methods, gradient boosting combines weak learners into a single strong
learner. In GBM, decision trees (regression trees in our case) are usually employed. Weak
learners are sequentially used with continually modified selection of the data. Moreover,
training set is in this stepwise procedure weighted for current iteration according to the accu-
racy of the previously fitted model. The final prediction is obtained as a weighted average.
Gradient boosting used in this work is implemented in the R package gbm [34] and is freely
available. The total number of trees to fit is equal to 700 in this work and this parameter was
found by a grid search. The shrinkage in GBM is controlled by parameter v, which was set in
this work to 0.01 (default value). Also, the maximum depth of the variable interactions was
found by a grid search with up to 10-way interactions.

2.2.2. Harmony search (HS)

The harmony search [17] algorithm (HS) was adopted from the musical process of finding
“pleasant harmonies” through improvisation. The five fundamental steps of HS could be
summarized as follows:

Step 1. Design the variables and initialization of the algorithm parameters.
Initialization of HS search parameters: harmony memory size (HMS), harmony
memory consideration rate (HMCR), the pitch adjustment rate (PAR) and the
maximum number of improvisations (NI). The definition of the objective function
f(x), which has to be minimized (or maximized), is also performed in this step.

Step 2. Initialization of harmony memory. The harmony memory is a memory
location (matrix), where the solution vectors (sets of weights) and corresponding
objective function values are stored. The initial HS memory consists of different
randomly generated solution vectors.

Step 3. The generation of a new harmony inspired by improvisation process in
music is performed and accomplished in this step. New harmony represents new
solution of given optimisation problem. It consists of three basic procedures:
(1) selection of harmony from the memory controlled by parameter HMCR, (2)
pitch adjustment (parameter PAR) and (3) a pick a random value with probabil-
ity 1-HMCR. A more detailed description of these HS operators can be found in
existing HS literature, e.g. [18].
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Step 4. A new solution’s objective function computation. If the new harmony has
better value of the objective function than any harmony in the harmony memory, the
worst harmony vector in harmony memory is replaced by this new harmony vector.

Step 5. Repeat from Step 3 to Step 5 until termination criterion is satisfied. In this
work, the harmony search stops if there is no improvement in an objective func-
tion during the last 500 iterations or if the total (predefined) number of iterations
is reached.

3. Results and discussion

In this section, the computation procedures, which are necessary for obtaining the ensemble
model, are described. The ensemble model is proposed to have the following structure:

Pgnsemble = li,j ﬁi ¥ sz (4)

where f. are the weights of the individual learners and P! is a vector of predicted flows by
model i for day j. The harmony search method was used to determine the corresponding
weights of individual models. Application of this method for 2-day ahead prediction of flows
follows in the subsequent paragraphs.

One harmony consists of n members, where 7 is the number of models. In the case of this
work, there are nine models present in the ensemble. All values of the weights f. are restricted
to the interval (0, 1).

The problem solved should be defined by the objective function, which is proposed in this
paper to have the following form:

_ ﬁl(oz'_Pi)z n
O = 1_(1_W +a-X A ©)
0<p <1, ©)

where P, and O, are computed and observed flows, N is the number of days and O is average
value of observed flows. Expression in the rounded parentheses is the Nash-Sutcliffe model
efficiency coefficient (NSE). It was used in this study for evaluation of models efficiency because
it is most often used to assess the predictive power of hydrological models. The NSE ranges
from —oo up to 1, where NSE = 1 means a perfect agreement between the observed and simu-
lated data, i.e. closer the model efficiency is to 1, the more accurate the model is. The last com-
ponent of the objective function (as an absolute value) forces the sum of the ensemble members’
weights f. to be equal to @, which is a regularization constant, by default equal to 1. Only rarely
in cases when the models are systematically underestimating or overestimating, the regula-
tion constant could have a slightly different values (maximum +0.05). In this work, the authors
only used the default value 1, because a relatively good prediction could be expected from the
state-of-the-art models used as the ensemble members. This objective function is proposed to
be minimized. In the case of an ideal model, the value of the objective function is zero.
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Harmony search algorithm parameters were set as follow: HMS (memory size) was set to 10;
HMCR (the harmony memory’s consideration rate) was set to 0.91 and PAR, i.e., the pitch
adjustment rate, was set to 0.1. The maximum number of improvisations NI = 500,000.

One of the main issues which must be carefully considered is what exactly has to be data P,
which will serve as inputs to the harmony search optimization objective function (5). As was
previously stated, these are basically the computed values of the predicted flows by each
model. While performing these computations, we are in a model building phase, and that is
why only training data can be used. There are two possibilities evaluated in this study as to
how to obtain such data. The first possibility is achieved using the following steps:

1. The training data and repeated cross validation are used for finding the proper parameters
of each model.

2. Every model (ensemble member) is trained with the values, which were found in step 1
with all training data.

3. The values of the predicted flows are computed by the models from step 2 from all the
training data for each ensemble member. The number of rows of resulted input matrix for
HS P, . is equal to the number of the rows of training data (535 in this study) and the num-
ber of columns C =n + 1 (n is the number of models, and one extra column is the observed
data). In this work, n =9.

The problem of obtaining data P, . by this methodology, if it is used for calculating ensem-
ble weights, is that in this approach there is no mechanism that avoids overfitting of the
final ensemble. Overfitting or a lack of generalization means that the weights of the mod-
els obtained could work well on the training data, but poorly on the testing set. Due to
this problem, the authors also proposed a second option, which will be compared to the
previous one:

1. The training data and cross validation are used for finding the proper parameters of each
model.

2. When these parameters are obtained, the k — 1 folds (in the case of a k-fold cross valida-
tion) are used for training with the best parameters, and 1 fold is computed by the model
obtained as a test.

3. This is repeated k times for every model included in the ensemble.

4. Because the r-repeated cross-validation was proposed in this work, steps 2 and 3 are
repeated r times.

5. The computed values from all such testing folds from the cross-validation are used as the
input matrix for the optimization by HS, which is proposed for searching the weights of
each model in the final ensemble.

6. Consequently, the inputs to the HS are de facto testing data, although from the training set
(the results from the testing folds in the cross-validation). When 7 is the number of models
in the ensemble, N is the number of data in the training set and r is the number of repeats of
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the cross-validation, the number of rows of this input matrix PR, 18 R=N*r and the number
of columns C =#n + 1 (one column is the observed data). In this work, n =9, k=10, N = 535
(the data were reduced by the sampling!) and r = 5.

The ensemble models obtained from these two approaches are hereinafter identified as EHS1
for the first case and EHS2 for the second.

The process of assessing the performance of a hydrologic model involves making some esti-
mates of the “closeness” of the simulated behavior of the model to observations (in our case,
the streamflow). The most basic approach for assessing a model’s performance is through a
visual inspection of the simulated and observed hydrographs (Figure 4). An objective assess-
ment requires the use of a mathematical estimate of the error between the simulated and
observed hydrological variables. The predictive accuracy of the ensemble and its members
was evaluated using the Nash-Sutcliffe coefficient of efficiency (NSE), the root mean square
error (RMSE) and the correlation coefficient (r).

In Table 2, the root mean square error, correlation coefficient and Nash-Sutcliffe efficiency are
evaluated for the ensemble members and the proposed ensembles. The identification of the
models from their abbreviations in the heading of this table is possible. Two ensemble opti-
mization approaches, which are identified as EHS1 and EHS2, are evaluated in Table 2 and
were described hereinbefore.

The selection of the appropriate settings for the ensemble members evaluated in Table 2 is
described in Section 2.2. A grid search was mostly used for the tuning; in some cases, the set-
tings recommended in the scientific literature were applied. Regarding ensembles EHS1 and
EHS2, it can be clearly seen that the hypothesis about the poor performance of the above-men-
tioned first proposition for obtaining matrix P, . was confirmed. Ensemble model EHS1 per-
formed well on the training data (with an NSE equal to 0.82, when an NSE of 0.79 was achieved
by the best ensemble component, which was the GBM model), but on the testing set, which is
evaluated in Table 2, the ensemble EHSI gives worst results than most of the ensemble mem-
bers. The ensemble approach to modeling is worth applying only in a case where the ensemble
performs better than any of its members. If one considers the weights of the multilayer percep-
tron in ensemble EHS], it is presumably inappropriately high (MLP are generally less precise

GBM B_GLM RF MLP MARS MLR SVM B_GAM GLMNET EHS1 EHS2

NSE 0.806 0.783 0.808  0.676 0.593 0376  0.800 0.787 0.782 0.759  0.825
r 0.898 0.885 0.900 0.832 0.802 0724  0.896  0.888 0.884 0.874  0.909
RMSE 13575 14.371 13.519 17.548 19.661 24.355 13.788 14.219 14.410 9.684  8.247
Weights 0.128 0.011 0.190  0.549 0.021 0.022  0.032  0.003 0.045

EHS1

Weights 0.134 0.056 0.379  0.034 0.083 0.021 0218  0.029 0.046

EHS2

Table 2. Evaluation of the computations by » and NSE and the final values of the model weights in the ensembles.
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models), which means that this model is overfitted and that the poor generalization is a conse-
quence of the approach used for the development of the EHS1 model. To the contrary, accord-
ing to Table 2, in which the testing data are evaluated, the results with a good generalization
were achieved by ensemble EHS2. From now on, we will only speak about this second model.

Column nine of Table 2 with the evaluation of the ensemble members could also be seen as a
case study of the evaluation of these models. The models are ordered from best to worst, so they
can be ranked and compared with each other. As could be expected for such a complicated pro-
cess as the flow formation in a river is, this process was described more successfully by nonlinear
models, especially by the recently developed boosting types of algorithms. However, when the
weights of the models for the EHS2 ensemble in Table 2 are considered, it can be seen that this
order does not imply that the weights will also be ordered in the same way as precision. An effi-
cient ensemble should consist of predictors that are not only sufficiently precise, but also diverse,
i.e. ones that if make wrong predictions they make them at different parts of the input space, e.g.
which are not highly correlated. The correlation of the models is evaluated in Figure 3.

From the conjoint consideration of Table 2 (weights of models for the EHS2) and Figure 3, it
can be seen that, after optimization of the weights, the best three models, the GBM, RF, and
SVM, are included in the proposed ensemble with the highest contribution (their weights
are the highest). But the next best model, the boosted GAM (B_GAM), is included in the
ensemble with a relatively small weight. That is because this model is highly correlated with
the three best models mentioned and also with the GLMNET model. A similar case could
also be observed with some other members of the ensemble. From this phenomenon, it could
be evaluated that the optimization procedure, which was proposed in this paper, is search-
ing for the best weights not only from the point of view of the best performance of the mod-
els but also is considering the diversity of the models as well, which is, as was mentioned,

50 100 0 50 150 -50 50 150 0 40 80 140 0 50 150

0.960 || 0.988 || 0.902 || 0.858 || 0.797 || 0.961 0.976 || 0.959 || 0.898

BM
5% [ B_GLM
3 ﬂ i 0.951 0.901 0.871 0.823 0.964 0.977 0.999 0.885

= RF
X 0.891 0.843 || 0.778 0.956 0.973 || 0.951 0.900
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Figure 3. Correlation between the simulated results obtained by the ensemble members and with the observed data.
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100
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FLOW [m3.5-1]
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Figure 4. Time series of the testing dataset of the observed flows and the same flows simulated by the proposed ensemble
model in the year 1997.

not less important. The authors assume that this is mainly due to the procedure by which
matrix P, . was obtained for model EHS2. As could be expected, the smallest contribution
to the EHS2 ensemble has its least precise member: the multiple linear regression (MLR).

In Figure 4, a time series graph of the testing dataset with the observed flows and the flows
simulated by the proposed ensemble model is seen. As can be seen, the predicted flows follow
the real values with a high degree of precision, and the proposed ensemble approach could be
used as an innovative alternative for flow predictions.

4. Conclusion

In this work, the authors deal with an investigation of the possible improvement of the river
flow predictions. A new methodology was investigated in which ensemble modeling by data-
driven models was applied and in which the harmony search was used to optimize the ensem-
ble’s structure. Because various data-driven models with strong prediction capability already
exist, the authors were trying to evaluate in the case study presented in this paper (2-day ahead
prediction of river flows), whether an ensemble paradigm would also bring some gain in cases
when strong algorithms are used as ensemble members. Although the improvement in preci-
sion was not relatively as high as in the case when the ensemble consists of weak learners, it was
proved that the ensemble model worked better than any of its constituents. These results mean,
of course, that the proposed ensemble also works better than the ensembles with weak learners
which are usually applied, because these were actually among the members of the proposed
ensemble.
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The authors’ intention was to emphasize one important detail: how the input data for a har-
mony search optimization of weights should be properly computed. In the authors” investi-
gation, it was verified that using the results of testing folds from cross-validation is the best
option. This procedure is described in Section 3.

The authors like to emphasize the following practical aspect about ensemble modeling at
the end of this paper. It is well known that for different datasets various algorithms may
suit as best choice for prediction and it is never certain in advance, which one of these algo-
rithms will perform with best results. This is known as “no free lunch” theorem. Because of
this uncertainty, more algorithms must be usually trained, tested and evaluated during data
mining process. These three activities (training, testing and evaluation) together with data
preparation are quite laborious and computationally intensive. When this work is already
done, instead of choosing only one of these algorithms for obtaining final results, it is wiser
to use all already tuned algorithms for ensemble prediction of unknown variable (or subset
of these algorithms). Updating prediction using ensemble paradigm almost always brings an
improvement in precision as was also confirmed in the case study presented (the results are
in Table 2). It does not mean a lot of extra work because tuned algorithms for a given task are
already available. Gain will be different for different datasets, but as was confirmed also in
this study it is surely worth to try this for such a little effort.
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