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Abstract. Support Vector Machine (SVM) is one of the fastest growing methods of machine learning due to its good
generalization ability and good convergence performance. SVM is a maximum margin model, which is based on
structural risk minimization rather than empirical risk minimization. Originally, SVM developed for solving the
classification problems but latter, Support Vector Regression (SVR) evolved from the SVM for doing regression tasks.
A SVR model is, in essence, a machine learning method of non-parametric estimation especially aiming at samples
with limited sizes. The principle of structural risk minimization makes SVR to have stronger generalization ability.
Despite their advantages, SVR models require an accurate selection of the configuration parameters in order to
achieve good generalization performance. To overcome this limitation, a hyperparameter selection method based on
differential evolution (DE) optimizer was developed. The aim of this study is to develop an evolutionary SVR (E-SVR)
approach based on DE selection method to model the backstroke start performance. SVR and the proposed E-SVR
approach were applied and compared with other regression methods to predict 5 m backstroke start time using
kinematic and kinetic variables and to determine the accuracy of the mean absolute percentage error. The results
presented an excellent performance in terms of the prediction errors of both SVR and E-SVR approaches.

Keywords: support vector regression, evolutionary algorithm, differential evolution, nonlinear regression, kinematics,
kinetics, competitive swimming.

1. INTRODUCTION

Support vector machine (SVM) related to the Vapnik’s statistical learning theory (Vapnik, 1995; Vapnik, 1997) was
originally developed for classification problems and later extended to regression problems using a modified SVM
version called support vector regression (SVR).

SVR has been successfully applied in various fields, such as smart grid load (Vrablecova et al., 2017) and carbon
price forecasting (Zhu et al., 2017), traffic flow prediction (Cheng et al., 2017), urban growth modeling (Shafizadeh-
Maghadam et al., 2017), and image processing (Zhang et al., 2016).

The classical SVR model is initially formulated as a linear technique and is subsequently generalized to the non-
linear case via a transformation of the input space to another of greater size. It estimates a function by nonlinearly
mapping the input space into a high dimensional hidden space and then running the linear regression in the output
space. Thus, the linear regression in the output space corresponds to a nonlinear regression in the low dimensional input
space. In addition, the theory denotes that if the dimensions of feature space (or hidden space) are high enough, SVR
may approximate any nonlinear mapping relations. As the name implies, the design of the SVR hinges upon the
extraction of a subset of the training data that serves as support vectors, which represent a stable characteristic of the
data.

The structure of a SVR model is very similar to a three-layer artificial neural network with a hidden layer, the
number and function of which equal to those of the support vectors. In other words, the number of hidden nodes equals
to that of support vectors. It should be noticed that the whole model structure of SVR is adaptively generated directly,
while in the former only the weights can be obtained automatically (Ruas et al., 2008).

SVR performance depends on the design parameters. Unfortunately, obtaining SVR parameter values is usually a
tedious and lengthy process, particularly if the designer is unfamiliar with the parameter interactions within the chosen
SVR model. Recently, as an alternative to the conventional mathematical approaches, modern heuristic optimization
techniques, such as evolutionary algorithms (Simon, 2013) have been obtaining much attention due to their ability to
find appropriate SVR designs (Zhang et al., 2011) that perform satisfactorily for a given nonlinear regression task.

Evolutionary algorithms are optimization metaheuristics that have yielded promising results for solving nonlinear,
non-differentiable and multi-modal optimization problems. Due to its population-based nature, they can avoid being
trapped in a local optimum, and, consequently, have the ability to find global optimal solutions. In this context, a
promising paradigm is the differential evolution (DE) (Storn and Price, 1995, Storn and Price, 1997) that uses a rather
greedy and less stochastic approach to problem solving compared to other evolutionary algorithms. It has been proven
to be a powerful tool for solving the global optimization problems, especially with a no smooth objective function
because its algorithm does not need the derivative information about the objective function. It has several potentialities:
simple structure, easy use, convergence property, quality of solution and robustness. Due to these good features, the
effectiveness of differential evolution optimizer has been successfully demonstrated in a variety of continuous
optimization problems in many fields (see details in Das et al., 2016). In this work, an SVR model was then optimized
through DE (E-SVR) to maximize its generalization performance in the backstroke swimming start performance
modelling task.

Predicting backstroke start performance is crucial, since placing in short distance competitive swimming events has
been decided by margins as small as hundredths of a second (de Jesus et al., 2014). It is well known that most of the
researcher’s attention has been given to the biomechanical study of the ventral start techniques. However, non-linear
modeling techniques were only applied to the backstroke start technique and respective variants, evidencing its
superiority when compared to the traditional linear models (de Jesus et al., 2018).
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The remainder of this paper is organized as follows. Section 2 provides the fundamentals of the experimental
procedure. The description of SVR and E-SVR is introduced in Section 3. Modelling results based on SVR and E-SVR
are reported and discussed in Section 4 followed by conclusions and direction for the future research in Section 5.

2. EXPERIMENTAL PROCEDURE FOR THE BACKSTROKE START MODELLING

In terms of the backstroke start modelling, the adopted case study was experimentally obtained with 10 swimmers
who randomly completed 8x15 m maximum backstroke start trials with feet over the wedge and hands on the highest
horizontal and vertical handgrip as descripted by De Jesus et al. (2016). Swimmers were videotaped using a dual media
camera set-up, as shown in Figure 1, with the starts being performed over an instrumented block with four force plates.

Six kinematic and seven kinetic variables were inputted for modeling and predicting the 5 m backstroke start time
(output variable), namely: (i) horizontal force at starting signal, (ii) horizontal force and time before swimmer’s hands-
off, (iii) horizontal force and time at swimmer’s hands-off, (vi) horizontal force and time before swimmer’s take-off, (v)
horizontal and vertical center of mass position at starting signal, (vi) horizontal and vertical center of mass position at
first swimmer’s hands water contact, (vii) entry angle, (viii) resultant velocity at swimmer’s take-off. The backstroke
start time was defined between the acoustic signal until swimmer’s vertex achieves the 5 m mark.

Start Block

Calibration Yolume

Figure 1. The experimental backstroke start set up.

3. FUNDAMENTALS OF SUPPORT VECTOR REGRESSION

SVR, which has been successfully applied to a variety of real-world problems, simultaneously minimizes the
regularization error and empirical risk with a suitable penalty factor. Based on the theory of SVM, the SVR become a
well-established method for design black-box models. In the following sub-sections, the procedures of the SVR and E-
SVR are described.

3.1 The classical SVR approach

The SVR method evolved from the support vector classification, and the regression case is achieved by the
introduction of the e-insensitive loss function (Li at al., 2018). SVR uses the SVM methodology to regression analysis
and can be applied to construct non-linear models by applying a “kernel trick” along with the SVM. The main idea of
nonlinear regression of SVR is “kernel trick”, which maps the input patterns (W denotes the input space) into a higher-
dimensional space F by a function @: W— F. Then, a simple multiple linear regression can be performed in the higher
dimensional feature space while the results can be mapped down again into the input space. Once the full process is
based on mapping into the higher dimensional space, linear regression and return to the input space, one is aware that it
is a data-driven machine learning method.

The procedure of mapping the input space into the higher dimensional one can be made by applying a kernel
function. Any function that accomplishes the Mercer condition can be used as a kernel function. There are some well-
known base functions and in this paper the Gaussian radial basis function (RBF) is applied.

The adopted Gaussian RBF is given by
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where o is determines the width (variance) of the basis function and it is considered as design variable. Its graphical
representation is according to the Fig. 2.
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Figure 2. Radial basis function.

Taking the assumption that a set D = {( x;, y;)} represents the learning data to be used, where x; stands for the input
data and y; are the corresponding output data for any i = 1, . . . , N where N is the total of available samples. All
regression tasks try to find a matching function f(x) that corresponds to the transfer function in between of x and y. If
this relationship is linear then it is expected that:

f(x)=ax+b 2)
or in this specific case

f(x)=<w.x>+b, (3)

where w stands for the weight coefficient and b is the constant coefficient.
Once the input space shall be mapped into a feature space, then a mapping function is introduced and represented by
D(x):

£ (x) =<w,®(x) > +b. “4)

Two slack variables are introduced to the equation in order to handle infeasible constraints and taking in assumption
that there is a function, which can approximate every pair (x; y;) with an acceptable precision, then the problem can be
formulated as a convex optimization problem:

min T+ (6 +47) )

(W, @) +b—y, <e+&,
subject to4 y; —(w,®(x)) ~b< e+&, (6)
&i.é 20,

where C is a penalty factor and ¢&; and fi* are elements showing the difference between the target and estimated values.

The convex optimization problem dual formulation gives an easier way to solve, for that the saddle point condition
is substituted and changing the representation ®(.) by K(x;x;) = D' (x;) ®(x;) one shall have:
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o —a; )=0,
subject to (% ) (8)

0<a,a <C,

* . . . . .
where ¢; and ¢; are Lagrange multipliers and the positive non-zero ones are called supporting vectors.

3.2 The proposed E-SVR approach

The model selection of SVR is concerned with two key issues: how to select an appropriate kernel function, and
how to determine the optimal parameters of SVR. For the former, Gaussian radial basis function (RBF) is selected to
build the SVR model, because RBF can yield good results in general. However, there are various types of kernel
functions that could be used always depending on the aspects of the input training data such as sigmoid, spline, and
polynomial. For the latter, we use the DE algorithm to seek the optimal parameters of SVR including the regularization
parameter (C), the size of the e-tube (insensitive loss function parameter) and the width (variance) of the basis function
given by o. The effectiveness and generalization of the SVR model highly depend on the accurate selection of these
three control parameters (or hyper-parameters) (Duan et al., 2003).

The parameter C>0 is the regularization parameter (or error penalty parameter) that adjusts the trade-off between the
empirical error (approximation error) and the complexity (flatness) of the output function. Low values of C will result in
simple (or flat) functions while higher values can lead to over-fitting on the input training data.

Another SVR hyper-parameter is ¢, which defines the size of the e-tube around the regression function, which
influences the number of support vectors. All these parameters are user-defined parameters. Various methods are
proposed for selecting these parameters until now (Sapankevych and Sankar, 2009; Yang et al., 2017). It can be said
that the most popular method is the cross-validation method. In this study DE is applied to select the optimal values of
the SVR parameters. In this case, the proposed method is called E-SVR here.

Mean k-fold (k=10) cross validated R’ (coefficient of determination) is used as the fitness function to be maximized.
Cross-validation is a technique to evaluate predictive models by partitioning the original sample into a training set to
train the model, and a test set to evaluate it.

K-fold cross-validation is one way to improve over the holdout method. In k-fold cross-validation, the original
sample is randomly partitioned into k equal size subsets (subsamples), and the holdout method is repeated k times. Each
time, one of the k subsets is used as the test set and the other k-1 subsets are put together to form a training set. Then the
average error across all k trials is computed. The advantage of this method is that it matters less how the data gets
divided. Every data point gets to be in a test set exactly once, and gets to be in a training set k-1 times. The variance of
the resulting estimate is reduced as k is increased. The disadvantage of this method is that the training algorithm has to
be rerun from scratch k times, which means it takes k times as much computation to make an evaluation. A variant of
this method is to randomly divide the data into a test and training set k different times. The advantage of doing this is
that you can independently choose how large each test set is and how many trials you average over.

In terms of the E-SVR procedure, details about the DE optimizer in the E-SVR design are mentioned in the next
sub-section.

3.2.1 Background about the DE optimizer

DE is a population-based stochastic function minimizer (or maximizer) relating to EAs, whose simple yet powerful
and straightforward features make it very attractive for numerical optimization. Using a few control parameters, DE
exhibits a fast convergence for a wide range of benchmark functions.

Various schemes are typically used for DE when creating the trial vectors. Each scheme generates trial vectors by
adding the weighted difference between other randomly selected members of the population. Meanwhile, each strategy
is dependent on three factors; the solution to be perturbed, number of different solutions considered for perturbation and
the type of recombination used. The different schemes of DE are classified using the following notation: DE/c/f/4,
where « indicates the method for selecting the parent chromosome that will form the base of the mutated vector, S
indicates the number of difference vectors used to perturb the base chromosome, and ¢ indicates the recombination
mechanism used to create the offspring population. The bin acronym indicates that the recombination is controlled by a
series of independent binomial experiments.
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The particular version subject to our investigation is the DE/rand/1/bin-version, which appears to be the most
frequently used variant, and is often considered as the “basic” version of the DE-algorithm. The DE/rand/1/bin involves
the following steps and procedures (Ayala et al., 2015):

Step 1: Initialization of the parameter setup: The user must choose the key parameters that control DE, i.e.,
population size (N), boundary constraints of optimization variables, mutation factor (f;,), crossover rate (CR), and the
stopping criterion (#,,4y)-

Step 2: Initialize the initial population of individuals: Initialize the generation’s counter ¢ = 0 and also initialize a
population of individuals (solution vectors) y(f) in upper and lower bounds of each decision variable with random
values generated according to a uniform probability distribution in the n-dimensional problem space.

Step 3: Evaluate the objective function value: For each individual, evaluate its objective function value. The
objective function will also be referred to as the fitness function.

Step 4: Mutation operation (or differential operation): Mutate individuals according to the following equation:

Zi(l+1)=yil (t)+fm'[yiz (t)—yi3 3] )

In the above equations, i=1,2,...,N is the individual’s index of population; ¢ is the time (generation);

yi(t):[yil (1), Vi, (t),...,yin (t)]T stands for the position of the i-th individual of population of N real-valued n-

dimensional vectors; z;(f) = [z,-l ), Ziy ,..., Zi, (t)]T stands for the position of the i-th individual of a mutant vector; f,,

> 0 is a real parameter, called mutation factor, which controls the amplification of the difference between two
individuals so as to avoid search stagnation. The mutation operation randomly selects the target vector y; (f), with

i # i . Then, two individuals y; (1) and y; (r) are randomly selected with i #i #i3 #i, and the difference vector

Yi, = Vi, is calculated.

Step 5: Crossover (recombination) operation: Following the mutation operation, crossover is applied in the
population. For each mutant vector, z;(+1), an index rnbr(i)e {1, 2,---,n} is randomly chosen using a uniform

distribution, and a trial vector, u;(t+1) =[ul~1( t+1), ”iz( t+1 ),...,ul-n( t+1 )]T , 1s generated via

g, (t+1) if randb(j)<CR or j=rnbr(i),

" (t+D)= {yi/ (t) otherwise, (10)

where j=1,2,..., n is the parameter index; y;(#) stands for the i-th individual of j-zh real-valued vector; z;(¢) stands for the
i-th individual of j-th real-valued vector of a mutant vector; u;(t) stands for the i-th individual of j-th real-valued vector
after crossover operation; randb(j) is the j-th evaluation of a uniform random number generation with [0, 1]; CR is a
crossover rate in the range [0, 1].

To decide whether or not the vector uit + 1) should be a member of the population comprising the next generation,
it is compared to the corresponding vector x;( ¢ ). Thus, if f denotes the objective function under minimization, then

) = {ui<t+1>, i f (e +1) < f (x (1), »

y; (1), otherwise.

Step 6: Update the generation’s counter: t =1t + 1,
Step 7: Verification of the stopping criterion: Loop to Step 2 until a stopping criterion is met, usually a maximum

number of iterations (generations), -

4. RESULTS ANALYSIS

All computation models based on SVR and E-SVR and the DE optimizer was carried out in MATLAB
environment on a PC (Personal Computer) using Windows 7 operational system with a Intel(R) Core(TM) 17-5820K
CPU (Central Processing Unit), 3.30 GHz and 128 GB of RAM (random access memory). In experiments, 10-fold
cross-validation was required in SVR and E-SVR to evaluate the generalization ability of models. SVR and the
proposed E-SVR approach were applied and compared with other regression methods to predict 5 m backstroke start
time using kinematic and kinetic variables and to determine the accuracy of the mean absolute percentage error.
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For the optimization procedure of the E-SVR, we used the following parameters in design of DE/rand/1/bin:
population size equal to 30 individuals and the stopping criterion #,,, = 50 generations, i. e., each simulation using DE
was allowed to run for 1,500 evaluations of the objective function. The setup of DE/rand/1/bin was using a constant
mutation factor given by f,, = 0.5 and a crossover rate of CR = 0.9. Table 1 shows the modelling results obtained by
SVR and E-SVR approaches.

Table 1. Modelling results for the backstroke start performance using SVR and E-SVR approaches.

SVR approach C e o 10-fold cross MSE Error Error Error
validated R* (mean) | (maximum) (std(l))

SVR(1) 50 0.001 0.2 0.9472 0.0013 | 0.0083 0.1185 0.0359
SVR(2) 100 0.001 0.2 0.9808 4.80E-4 | -0.0037 0.0678 0.0219
SVR(@3) 150 0.001 0.2 0.9878 3.06E-4 | -0.0078 0.0452 0.0159
SVR4) 50 0.01 0.2 0.9433 0.0014 | 0.0128 0.1230 0.0359
SVR(5) 100 0.01 0.2 0.9813 4.67E-4 | 7.86E-4 0.0723 0.0219
SVR(6) 150 0.01 0.2 0.9898 2.56E-4 | -0.0033 0.0497 0.0159
SVR(7) 50 0.1 0.2 0.8163 0.0046 | 0.0578 0.1680 0.0359
SVR(8) 100 0.1 0.2 0.8976 0.0026 | 0.0458 0.1173 0.0219
SVR(9) 150 0.1 0.2 0.9206 0.0020 | 0.0417 0.0947 0.0159
SVR(10) 50 0.001 0.3 0.9650 8.76e-4 | 0.0123 0.0933 0.0273
SVR(11) 100 0.001 0.3 0.9904 2.40E-4 | -0.0017 0.0479 0.0156
SVR(12) 150 0.001 0.3 0.9936 1.59E-4 | -0.0065 0.0294 0.0110
SVR(13) 50 0.01 0.3 0.9597 0.0010 | 0.0168 0.0978 0.0273
SVR(14) 100 0.01 0.3 0.9902 2.45E-4 | 0.0028 0.0524 0.0156
SVR(5) 150 0.01 0.3 0.9951 1.21E-4 | -0.0020 0.0339 0.0110
SVR(16) 50 0.1 0.3 0.8183 0.0045 | 0.0618 0.1428 0.0273
SVR(17) 100 0.1 0.3 0.8993 0.0025 | 0.0478 0.0974 0.0156
SVR(18) 150 0.1 0.3 0.9213 0.0020 | 0.0430 0.0789 0.0110
E-SVR 185.43 |0.0065| 0.398 0.9999 3.34E-6 | -8.25E-4 0.0048 0.0017

M std: standard deviation

Figure 3 illustrates the best results (represented in Table 1) of the SVR (15) and E-SVR application to a swimmer
start with mean 10-fold cross validated R* equal to 0.9951 and 0.9999, respectively.

Inappropriate parameters in SVR can lead to overfitting or underfitting problems. How to properly set the control
hyperparameters is a major task, which has a significant impact on the optimal generalization performance and the SVR
regression accuracy, especially when it comes to predicting the backstroke swimming start performance modelling task.

As short distance swimming events can be won by margins as small as 0.01 s (De Jesus et al., 2016), prediction-
modeling errors should be minimum.

5. CONCLUSION AND FUTURE RESEARCH

SVR is a well-known and computationally powerful machine learning technique for regression and nonlinear
modelling problems, which has been successfully applied to solve many practical problems in a wide variety of fields.
Compared with tools based on experience risk minimization, such as artificial neural networks and least square
methods, it requires less samples and yields better generalization ability.

SVR models performance is very sensitive to the selection of the hyperparameters and there is no mathematical
based procedure for deriving the exact desired values. Thus, the selection of those parameters is a crucial part of the
research on SVR models. The aim of this study was to develop an SVR-based DE model to backstroke swimming start
performance modelling task.

On the other hand, in the fields of competitive swimming, research questions are usually complex, with
interrelations between different variables being mostly of a nonlinear profile. Results for both mathematical approaches
confirm that accurate model fit can be obtained by means of SVR and E-SVR. However, E-SVR should be used rather
than SVR for 5 m backstroke start time prediction due to the quite small differences separating the elite level swimmers.

As a future work, we are planning to investigate the effect of the proposed E-SVR approach in single and multi-
objective optimization design conceptions on new application fields related to competitive swimming and
biomechanics.
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Figure 3. Results of modelling using SVR and E-SVR.
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