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Abstract

Support vector regression is used to evaluate the linear and non-linear relationships among variables. Although it
is non-parametric technique, it is still affected by outliers, because the possibility to select them as support
vectors. In this article, we proposed a robust support vector regression for linear and nonlinear target functions.
In order to carry out this goal, the support vector regression model with fixed parameters is used to detect and
minimize the effects of abnormal points in the data set. The efficiency of the proposed method is investigated by
using real and simulation examples.
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1. Introduction

Support Vector Regression (SVR) involves a new class of learning algorithms which is presented by Cortes and
Vapnik (1995). It is a universal technique to handle regression problems. Since then, SVR has attracted the
interest of researchers due to its excellent performance of solving a variety of learning problems (Ceperic, 2014;
Dhhan et al. 2015). Some additional reasonsstand of behind the widely use of the SVR such as lower sensitivity
to local minima, theoretical guarantees about its performance, and high flexibility to add extra dimensions to the
input space, whichprevents the increasing of the model complexity (Ceperic, 2014). According to Chuang et al.
(2002), there is possibility to select outliers as support vectors. Further, the highest Lagrange multipliers in EQ.
(4) mostly belong to the data points which are considered as outliers in the training data and it control the model
(Jordaan & Smits, 2004).

In General, samples are always subject to unusual data which is called outliers. Hawkins, (1980) define an
outlier as “an observation which deviates so much from other observations as to arouse suspicions that it was
generated by a different mechanism”. There are various reasons behind the presence of outliers: misplaced
decimal points, measurement errors that come from lack of experience, and exceptional phenomena such as
earthquakes (Rousseeuw & Leroy, 1987). Robust regression is concerned with developing estimator that is not
sensitive to the outliers and to the noise distribution (Calafiore, 2000). The main idea of robust methods is to
give low weights for outliers.

In this study, we have proposed Robust SVR based on fixed parameters SVR technique (FP-SVR), and we call it
double support vector regression (DSVR). This articlehas shown that the proposed robust method achieves a
higher efficiency in comparison with the standard SVR model.

This paper is organized as follows: A brief description of the support vector regression model is given in Section
2. In section 3, we present the proposed method based on FP-SVR. In Section 4 and 5, we apply the proposed
method to real and simulation data sets. Finally, the discussion of the results is given in Section 6.

2. Support Vector Regression

In the SVR technique, the input xvector is first mapped onto a high-dimensional predictor space, which is
nonlinearly related to the input space. The idea of SVR model is to employ the kernel function to transform the
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nonlinear relationship in the input space to linear form in a high-dimensional feature space (Vapnik 2000). The
linear model is given by

fO,w)=w,®(x)+b )

where ®(x) denotes a non-linear function, w and b are the slope and the bias term respectively.

Support vector regression technique aims to estimate the parameter values w and b that optimize predicted
risk by minimizing the following loss function

L) = { @

In order to find a flat function f (x, w), minimizing the Euclidean norm ||w||? is needed (Smola and Schélkopf
2004). This can be done by introducing some positive slack variables (§; ,&;), to measure deviations of the
training vectors outside the e-tube. Thus, a convex optimization problemcan be formulated as:

0ifly; — f(x,w)|< €
ly; — f(x,w)|—¢ otherwise

e 1 *
minimize  ~[wll? + CI, (& +&)

(yi—fw)—b< e+§

subject to fOow) +b—y; < e+ 3)

§ .6 =20,i=12...,n

The coefficientC is defined as the trade-off between complexity of the model and the number of deviations that
larger than the coefficient € is tolerated (Smola and Schélkopf 2004). The coefficient € controls the width of the
g-zone, which is used to fit the training data (Vapnik 2000). Thus, the estimated SVR function can be written as
follows:

fO) =2 (@ —a)dk(x.x )+ Db “)
wherea;and «; define as Lagrange multipliers, and k(x;.x )is the function of kernel.
3. The Proposed Method Based on Fixed Parameter SVR

The main contribution of this study is to detect outliers and leverage points first, and then to minimize their
effects. To achieve the first step, we have used the FP-SVR (Dhhan et al. 2015) to detect outliers and leverage
points. The FP-SVR technique is insensitive to outliers because it succeeded to control the free parameters (g, C,
and £). According to FP-SVR model (5), the optimal parameters to detect outliers are: € =0, C =100000, and
h=I.

z = Jsyr = Xiza(@ — a)dk(x.x ) + b, a;, aje [0, C] ©)
Based on FP-SVR, any point with a z value larger than theCP (6) is considered to be an outlier
CP = 2Median|z| + 2 sd(Median)

sd(Median) = \[mvar(z)/2n Q)

This method can be employed to prevent the effects of abnormal data the estimation. This can be done by using
the following weight function.

7; =min[1,CP/z] (7
The Eq. (4) can be rewritten based on 7 function to achieve the final robust SVR function
fO) =Y ti(a —a))k(x.x )+ Db (®)

4. Artificial and Real Case Studies

In this part, we apply our proposed method (DSVR) to Belgian phone data, Hawkins-Bradu-Kass data and
simulation example (Rousseeuw and Leroy, 1987), and compare the results with standard SVR. The mean
squaire error (MSE) of the residuals is used to evaluate the proposed technique.

4.1 Belgian Phone Data

In this example, the proposed technique is tested using real data which has vertical outliers. In the Belgian
Statistical Survey, a data set was found containing the total number of international phone calls made between
the years 1950 and 1973, which contains heavily contaminated data (Leroy and Rousseeuw, 1987).
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Table 1. The MSE of SVR and the DSVR methods for Belgian phone data

SVR DSVR
C=1 C=50 C=100 C=1 C=50 C=100
h=0.5 0.068 0247 0249 0.059 0.084 0.087

Parameters

e=0 h=1 0.186 0.139 0.140 0.079 0.094 0.092
h=5 0.129 0.150 0.150 0.048 0.031 0.032

h=0.5 0.062 0229 0214 0.054 0.060 0.059

e=0.1 Ah=/ 0.156 0.188 0.184 0.058 0.056 0.052
h=5 0.138 0238 0222 0.038 0.031 0.030

h=0.5 0.092 0217 0257 0.064 0.063 0.064

e=0.2 A=/ 0.147 0.178 0.237 0.059 0.062 0.062
h=5 0.127 0317 0274 0.060 0.049 0.044

As shown in Table and Figure 1, the proposed approach is effective to minimize the effects of outliers much
better than the standard SVR model.

mSVR =DSVR

0.35

03

0.25

0.2

0.15

01

0.05

123456 78 9101112131415161718192021222324252627
Figure 1. The MSE of SVR and the DSVR methods for Belgian phone data

4.2 Hawkins-Bradu-Kass Data

To illustrate the superiority of the proposed method, we have applied it to Hawkins-Bradu-Kass data. The data
set consists of three predictors in additional to the dependent variables, with 75 observations. The first 10
observations are classified as bad leverage points (have bad effect on the regression estimator), and next four
observations are considered as good leverage points (have no or small effect on the regression estimator).

Table 2. The MSE of SVR and the DSVR methods for HBK data

SVR DSVR
C=] C=50 C=100 C=1 C=50 C=100
h=0.5 0222 0247 0950 0.165 0.019 0.004

Parameters

e=0 kA=l 0.123 0480 0.481 0.092 0.0001 0.0001
h=5 0.024 0.320 0.320 0.021 0.0001 0.0001

h=0.5 0208 0349 0497 0.159 0.023 0.014

e=0.1 A=/ 0.115 0385 0385 0.095 0.010 0.010
=5 0.032 0356 0356 0.029 0.009 0.009

h=0.5 0.208 0303 0293 0.165 0.048 0.043

€e=0.2 h=/ 0.118 0335 0335 0.104 0.040 0.040
h=5 0.056 0413 0413 0.049 0.034 0.034
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The comparison results are recorded in Table and Figure 2. These results clearly show the superiority of our
proposed method DSVR over the standard SVR method in terms of achieve lower values of the MSE. Based on
these results we can conclude that the use of the proposed method is recommendedfor this data set.

mSVR =DSVR
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Figure 2. The MSE of SVR and the DSVR methods for HBK data
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;

5. Simulation Study

In order to generalize the DSVR technique, we simulate a nonlinear regression model with two predictors.

sin /:/c2+x2
— Y 4 rwithx € [—10,10] )

y =
x2+x3

The values ofx; and x, are sampled from uniform distribution, while the residualsr;,i = 1,2,...,n are
simulated based on standard normal distribution. We contaminatethe data by differentoutliers’ percentages (10%,
15% and 20%). This contamination is implemented by replacing some points of x; and y by extreme value
equal to 100.

The results of the comparison of the proposed DSVR and the standard SVR are shown in Table 3. This explains
the estimates of DSVR and SVR for different samples and contamination levels. These results are explained
graphically in Figures 3, 4 and 5. These results reveal that the DSVR has smaller MSE than the standard SVR.

Table 3. The MSE of the SVR and the DSVR methods for different sample sizes and percentages of
contamination

SVR DSVR
Cont. n  Parameters €= £=0.2 =0 €=0.2
C=] C=100 C=1 C=100 C=1 C=100 C=1 C=100
1.18 1.43 1.16 1.34 1.17 1.32 1.14 1.24

50 h=1
h=5 1.11 1.61 1.10 1.43 1.11 140 1.10 1.26
10% 100 h=1 1.16  1.45 1.13 133 114 126 1.11 1.17
h=5 1.08 1.14  1.06 1.11 1.07 110 1.07 1.07
250 h=1 .22 2.69 .19 219 119 184 115 1.50
h=5 1.12 1.34  1.10 126 110 119 1.08 1.13
50 h=1 1.17 1.43 1.15 134 116 132 114 1.24
h=5 1.11 1.61 1.10  1.43 1.1 1.40 110 1.26
15% 100 h=1 1.16  1.42 1.13 1.31 114 124 111 1.16
h=5 1.07 1.14  1.06 1.11 1.07 110 1.06 1.07
250 h=1 122 2.58 .18  2.11 1.18 1.77 114 146
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h=5 1.11 134 109 125 109 119 1.08 1.13

50 h=1 1.17 1.41 .14 133 116 131 113 1.24

h=5 1.11 1.0 110 142 1.11 1.40 110 1.26

h=1 1.17 137 114 127 114 120 111 1.14

0,

20% 100 h=5 .08 112 107 109 107 1.08 1.06 1.07
250 h=1 121 253 118 207 118 175 114 145

h=5 .10 132 1.09 124 109 118 1.07 1.12

mSVR =DSVR
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Figure 3. The MSE of the SVR and the DSVR methods for different sample sizes and 10% percentage of

contamination

mSVR =DSVR
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Figure 4. The MSE of the SVR and the DSVR methods for different sample sizes and 15% percentage of

contamination
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mSVR =DSVR

Figure 5. The MSE of the SVR and the DSVR methods for different sample sizes and 20% percentage of

contamination

6. Conclusion

In this article, we have proposed the robust support vector regression technique for nonlinear function. Although,
SVR is nonparametric method but it is still affected by outliers. In order to compare our proposed method,
DSVR, with standard SVR method, real and simulation examples have been used. The results are calculated
based on some of SVR parameters and sample sizes. Finally, the comparison results are demonstrated, the
superiority of proposed method, DSVR over standard SVR method for nonlinear target functions

References

Calafiore, G. C. (2000). Outliers robustness in multivariate orthogonal regression. Systems, Man and
Cybernetics, Part A: Systems and Humans. /EEE Transactions, 30(6), 674-679.

Ceperic, V., Gielen, G., & Baric, A. (2014). Sparse e-tube support vector regression by active learning. Soft
Computing, 18(6),1113-1126.

Chuang, C., Su, S., Jeng, J., & Hsiao, C. (2002). Robust support vector regression networks for function
approximation with outliers, Neural Networks. I[EEE Transactions, 13(6), 1322-1330.

Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine Learning, 20(3), 273-297.

Dhhan, W., Rana, S., & Midi, H. (2015). Non-sparse e-insensitive support vector regression for outlier detection.
Journal of Applied Statistics, 42(8), 1723-1739.

Hawkins, D. M. (1980). Identification of Outliers, Springer, New York.

Jordaan, M. E., & Smits, F. G. (2004). Robust outlier detection using SVM regression. Neural networks, IEEE
international joint conference proceedings, Budapest. Hungary, 2017-2022.

Rousseeuw, P. J., & Leroy, A. M. (1987). Robust Regression and Outlier Detection. J. Wiley & Sons, New York.

Smola, A. J., & Scholkopf, B. (2004). A tutorial on support vector regression. Statistics and Computing, 14(3),
199-222.

Vapnik, V. (2000). The nature of statistical learning theory, Springer, New York.

Copyrights
Copyright for this article is retained by the author(s), with first publication rights granted to the journal.

This is an open-access article distributed under the terms and conditions of the Creative Commons Attribution
license (http://creativecommons.org/licenses/by/4.0/).

97




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


