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Inmodeling, only information from the deviation between the output of the support vector regression (SVR)model and the training
sample is considered, whereas the other prior information of the training sample, such as probability distribution information, is
ignored. Probabilistic distribution information describes the overall distribution of sample data in a training sample that contains
different degrees of noise and potential outliers, as well as helping develop a high-accuracy model. To mine and use the probability
distribution information of a training sample, a new support vector regression model that incorporates probability distribution
information weight SVR (PDISVR) is proposed. In the PDISVR model, the probability distribution of each sample is considered
as the weight and is then introduced into the error coefficient and slack variables of SVR. Thus, the deviation and probability
distribution information of the training sample are both used in the PDISVRmodel to eliminate the influence of noise and outliers
in the training sample and to improve predictive performance. Furthermore, exampleswith different degrees of noisewere employed
to demonstrate the performance of PDISVR, which was then compared with those of three SVR-basedmethods.The results showed
that PDISVR performs better than the three other methods.

1. Introduction

Since its proposal by Vapnik, the support vector machine
(SVM) has been used in many areas, including both pattern
recognition and regression estimation [1, 2]. The original
SVM is utilized to provide a pair of parameters as a solution
to a quadratic program problem. SVM has some advantages,
such as low standard deviation and easy generation, as well as
some disadvantages, such as the redundancy of the regression
function and the low efficiency of support vector selection.
To address these disadvantages, various improvements to the
support vector algorithm and its kernel function have been
proposed. Suykens proposed least-square support vector
regression (LS-SVR) for a regression modeling problem [3,
4]. By transferring inequality constraints to equality con-
straints, LS-SVR simplifies the solution to quadratic program
problems [5]. In the field of regression, Smola proposed
the linear programming support vector regression (LP-SVR)
model [6, 7]. LP-SVR has numerous strengths, such as the

using of more general kernel functions and fast learning
ability. LP-SVR can control the accuracy and sparseness of
the original SVR by using the linear kernel combination as a
solution approach. In addition, a new kernel function, multi-
kernel function (MK), has been introduced into the standard
SVM model. MK provides lower fault and requires a shorter
training period than the original kernel function. Multiple-
kernel SVR (MKSVR) is very popular in some systems. Yeh et
al. [8] developed MKSVR for stock market forecasts. Lin and
Jhuo [9] discovered a method to generate MKSVR param-
eters for integration into a system that converts the pixels
of a checkpoint into the brightness value. Zhong and Carr
[10] used theMKSVRmodel to estimate pure and impure car-
bondioxide-oilmatrixmetalloproteinases in aCO2 enhanced
oil recovery process.

The SVR model also has been improved by prior knowl-
edge [11, 12]. There are numerous types of prior knowledge,
including the average value and monotonicity of the sample
data. To appropriately use prior knowledge, three types of
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methods are utilized in SVR [13]. Our team previously
worked on the monotonous a priori knowledge of sample
data. Our monotonous a priori knowledge of the sample data
is described by first-order difference inequality constraints of
kernel expansion and additive kernels [14]. The constraints
are directly added to kernel formulation to acquire a convex
optimization problem. For additive kernels, SVMs are con-
ducted through the addition of dissociate kernels for every
input dimension.These operations confer higher accuracy to
the SVR model in support vector (SV) selection.

Inevitably, even small noise can debase the accuracy of
the model. Furthermore, in some situations, part of the noisy
information may be ten to even dozens of times larger than
the normal data. These outliers introduce bias and inac-
curacies to SVR. Nevertheless, the probability distribution
of the sample data is a good indicator of noise. From the
perspective of the probability distribution of sample data,
normal data and data that contain the least amount of noise
have the highest probability in the sample data. By contrast,
data that contain large amount of noise have relatively small
probability. Thus, outliers in the sample data will have the
smallest probability. Therefore, the probability distribution is
the prior knowledge that helps weaken the influence from
noise and outliers in the sample data. We consider this
information to modify our SVR model.

This article is structured as follows: Section 2 introduces
standard SVR algorithms. Section 3 describes the proposed
algorithm that integrates probability distribution informa-
tion into the SVR framework. Section 4 provides some
experimental results that were obtained from comparing the
proposed algorithm with other algorithms. Finally, Section 5
presents some conclusions about the proposed algorithm.

2. Review of SVR

To better describe the proposed algorism, the mathematical
clarification of the basic concepts of SVR and the usage of
deviation information should be provided.

2.1. Support Vector Regression (SVR). SVR is originally used
to solve linear regression problems. For given training sam-
ples X = {(x𝑖, 𝑦𝑖) | x𝑖 ∈ 𝑅𝑑, 𝑦𝑖 ∈ 𝑅, 𝑖 = 1, 2, . . . , 𝑛}, fitting
aims to find the dependency between the independent vari-
able x𝑖 and the dependent variable 𝑦𝑖. Specifically, it aims to
identify an optimal function and minimize prospective risk𝑅(𝜔) = ∫ 𝐿(𝑦, 𝑓(x,𝜔))𝑑𝑃(x, 𝑦), where {𝑓(x,𝜔)} is predictive
function set, 𝜔 ∈ Ω is the generalized parameters of the
function, 𝐿(𝑦, 𝑓(x,𝜔)) is the loss function, and

𝑓 (x,𝜔) = 𝜔 ⋅ x + 𝑏 (1)

is the fitting function [15]. Thus, the solution of the optimal
linear function for SVR is expressed as the following con-
straint optimization problem:

min 𝑅 (𝜔, 𝜉𝑖, 𝜉∗𝑖 ) = 12 ⟨𝜔 ⋅ 𝜔⟩ + 𝐶 𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗
𝑖
)

𝜔 ⋅ x − 𝑦𝑖 + 𝑏 ≤ 𝜀 + 𝜉∗
𝑖

s.t. 𝑦𝑖 − 𝜔 ⋅ x − 𝑏 ≤ 𝜀 + 𝜉𝑖
𝜉𝑖, 𝜉∗𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛,

(2)

where the penalty coefficient C that determines the accuracy
of the function fitting and the degree of the error greater
than 𝜀 is given in advance. Parameter 𝜀 is used to control the
size of the fitting error, the size of the support vector, and
the size of the generalization capability. Taking into account
the accuracy of the fitting error, the introduction of slack
variables 𝜉𝑖, 𝜉∗𝑖 becomes necessary. Figure 1 in reference [10]
illustrates this linear fitting problem.

However, the previous solution is only for a linear regres-
sion problem. Nonlinear regression necessitates the kernel
function in the SVR model [16]. The kernel function can be
expressed as follows:

K (x, z) = ⟨𝜙 (x) ⋅ 𝜙 (z)⟩ , (3)

where 𝜙 is the mapping from a low-dimensional space
to a high-dimensional space. The independent variable x𝑖
becomes a vector that should be mapped to a feature space so
that a nonlinear problem could be changed into a linear prob-
lem. After introducing the kernel function, the new fitting
function becomes

𝑓 (x) = 𝑛∑
𝑖=1

𝜔𝑖𝑘 (x, xi) + 𝑏 = K (x,X𝑇)𝜔 + 𝑏, (4)

where the symbol X𝑇 indicates the transpose of the matrix
X.

The changing of the fitting function leads to the following
constraint optimization problem:

min 𝑅 (𝜔, 𝜉𝑖, 𝜉∗𝑖 ) = 12 ⟨𝜔 ⋅ 𝜔⟩ + 𝐶 𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗
𝑖
)

K (x,X𝑇)𝜔 − 𝑦𝑖 + 𝑏 ≤ 𝜀 + 𝜉∗
𝑖

s.t. 𝑦𝑖 − K (x,X𝑇)𝜔 − 𝑏 ≤ 𝜀 + 𝜉𝑖
𝜉𝑖, 𝜉∗𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛.

(5)

In this constraint optimization problem, the length of 𝜔 and
x is n. The notion K(⋅, ⋅) is the kernel function that fulfills
Mercer’s requirements.

The standard SVR is a compromise between structural
risk minimization and empirical risk minimization. In par-
ticular, for the support vector regression learning algorithm,
the structural risk term is (1/2)⟨𝜔 ⋅ 𝜔⟩ and the empirical risk
item is ∑𝑛

𝑖=1
(𝜉𝑖 + 𝜉∗

𝑖
). However, calculating the structural risk

term (1/2)⟨𝜔 ⋅𝜔⟩ requires enormous time and resources [17].
Researchers found counting the minimization of the 1-norm
of the parameter 𝜔 will reduce the time and resources spent
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on calculation.Then, the optimization formula turns into the
following form:

min 𝑅 (𝜔, 𝜉𝑖, 𝜉∗𝑖 ) = ‖𝜔‖1 + 𝐶 𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗
𝑖
)

K (x,X𝑇)𝜔 − 𝑦𝑖 + 𝑏 ≤ 𝜀 + 𝜉∗
𝑖

s.t. 𝑦𝑖 − K (x,X𝑇)𝜔 − 𝑏 ≤ 𝜀 + 𝜉𝑖
𝜉𝑖, 𝜉∗𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛.

(6)

Although the time and resource spent on modeling are
reduced, there is no considerable difference in the final
accuracy.

2.2. Support Vector Regression with Deviation Information as
a Consideration. Traditional SVR does not possess a special
method for addressing noise in sample data. An efficient way
to weaken noise is to adjust parameters in the SVR model.
These parameters are called hyperparameters in SVRs.
Hyperparameters exert a considerable impact on algorithm
performance. The general way to test the performance of
hyperparameters is via the deviation between the model out-
put and the sample data [18]. The obtained deviation is then
compared with other deviations to select the minimum devi-
ation as the final result.The parameters that correspond to the
minimum deviation are the best parameters in the optimiza-
tion process. Usually, this process is conducted using an intel-
ligent optimization algorithm, such as particle swarm opti-
mization (PSO) [19] and genetic algorithm (GA) [20]. The
deviation is set as the fitness function in an intelligent opti-
mization algorithm. In this section, we refer to thismethod as
deviation-minimized SVR (DM-SVR).

In most of the circumstances, the deviation between
the model output and sample data is represented by the
correlation coefficient 𝑟 or the mean square error (MSE).
Given vector ŷ as the model output and vector y as the
sample output, the correlation coefficient r can be expressed
as

𝑟
= ∑𝑁

𝑖=1
�̂�
𝑖
𝑦𝑖 − ∑𝑁

𝑖=1
�̂�
𝑖
∑𝑁
𝑖=1

𝑦𝑖/𝑁
√(∑𝑁
𝑖=1

�̂�
𝑖

2 − (∑𝑁
𝑖=1

�̂�
𝑖
)2 /𝑁) (∑𝑁

𝑖=1
𝑦𝑖2 − (∑𝑁

𝑖=1
𝑦𝑖)2 /𝑁)

. (7)

The formula for mean square error (MSE) is as follows:

MSE = ∑𝑁
𝑖=1

(�̂�𝑖 − 𝑦𝑖)2𝑁 . (8)

In short, if the value of MSE is close to zero and the value of r
is close to one, that group of parameters will produce the best
performance.

3. Probability Distribution Information
Weighted Support Vector Regression

Although DM-SVR can reduce influence from the noise, it
also has some weaknesses. The main disadvantage of this
method is the time it spends on training. There are many
parameters that need to be optimized in SVR. If there
are extra parameters to optimize, these works would make
the train process inefficient. To solve the uncertainty of
error parameter 𝜀, we introduce the probability distribution
information (PDI) into SVR and designate it as PDISVR.

3.1. Probability Distribution of the Output. The probability
distribution information is the same as the probability distri-
bution function and describes the likelihood that the output
value of a continuous random variable is near a certain point.
Integrating the probability density function is the proper way
to calculate the probability value of the random variable in
that certain region. From the sample data, we could set the
frequency of output to appear as different values. Then, we
set frequency as𝑁(y), where y is the output value vector. Let𝑃(y) be the probability of the sample’s output. Therefore, the
relationship between 𝑃(y) and𝑁(y) can be expressed as

𝑃 (y) = 𝑁 (y)
∑y∈Y 𝑁(y) , (9)

where Y is the range of y. Then, we can easily obtain
the probability distribution function. The next step is the
identification of the probability of every point.

3.2. Optimization Formula with Probability Distribution Infor-
mation Weight. Once we have obtained the probability dis-
tribution of output, it should be integrated into the basic
SVR model. In the basic SVR model, the error parameter 𝜀
indicates the accuracy of model fitting by providing an area
that does not have any loss for the objective function. How-
ever, due to the influence of noise, some sample data contain
excessive noise information. If the same parameters 𝜀 are
adapted, the performance of themodel is reduced. To prevent
this situation, SVR should be adjusted in accordance with
noise information.We propose illustrating noise information
through the probability distribution of the output. Samples in
the regionswith low probability distributions have a relatively
large proportion of noise. For this reason, in modeling, the
region with higher probability should have a smaller error
parameter than the lower probability region.Thus, the proba-
bility distribution function increases the accuracy of the SVR
model in the area with the high probability of output.

Define the 𝜀-insensitive loss function as

y − 𝑓 (x)𝜀 = {{{
0, if y − 𝑓 (x) ≤ 𝜀y − 𝑓 (x) − 𝜀, otherwise, (10)

where𝑓(x) is a regression estimation function constructed by
learning the sample and y is the target output value that cor-
responds to x. By defining the 𝜀-insensitive loss function, the
SVR model specifies the error requirement of the estimated
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Figure 1: Linear problem illustration of a PDISVR model.

function on the sample data.This requirement is the same for
every sample point. To avoid this situation, the artificially set
error parameter 𝜀 is divided by the probability distribution
vector 𝑃(y). Figure 1 illustrates the change from a constant𝜀 to a vector 𝜀. The distance between two hyperplanes has
been modified in some area where the density of the points
becomes different. Furthermore, in the high-density area,
the model has a smaller error parameter. By contrast, in
the low-density area, the model has a large error parameter.
The density of the output points is directly related to the
probability of the sample’s output y. Therefore, the division
of PDI would make the SVR model emphasize the area with
a high density of points. This technique can improve overall
accuracy despite sacrificing the accuracy of low-density areas.
According to (9) and (10), the PDISVR can be expressed
as

min 𝑅 (𝜔, 𝜉𝑖, 𝜉∗𝑖 ) = ‖𝜔‖1 + 𝐶 𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗
𝑖
)

K (x,X𝑇)𝜔 − 𝑦𝑖 + 𝑏 ≤ 𝜀𝑃 (𝑦𝑖) + 𝜉∗
𝑖

s.t. 𝑦𝑖 − K (x,X𝑇)𝜔 − 𝑏 ≤ 𝜀𝑃 (𝑦𝑖) + 𝜉𝑖
𝜉𝑖, 𝜉∗𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛.

(11)

By comparing (11) with the standard form of SVR, we can
see that the error parameter 𝜀 changes in accordance with 𝑦𝑖.
Then, the PDISVRmodel will have low error tolerance for the
high density of points.

To further improve the performance of the SVR model,
we consider adding an extra fragment to the PDISVR frame-
work. The PDISVR model only has a unique error parameter
𝜀. However, 𝜀 is too small to have an obvious impact on
the accuracy of the model. Hence, we propose an additional
method to introduce PDI; that is, we apply the same operation
as that on error parameter 𝜀 on the slack variable 𝜉. Given the
treated error parameter 𝜀 in the PDISVR model, we divided

Table 1: Typical parameters for PSO algorithms.

Parameter Value
Maximum generation 200
Population size 20
Cognitive efficient (𝑢1) 1.5
maximum velocity (𝑉max) 1
Social efficient (𝑢2) 1.7
Initial inertia weights 0.9
Final inertia weights 0.4
minimum velocity (𝑉min) 10

the slack variable 𝜉 by probability distribution information𝑃(y). Subsequently, the final PDISVR model is

min 𝑅 (𝜔, 𝜉𝑖, 𝜉∗𝑖 ) = ‖𝜔‖1 + 𝐶 𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗
𝑖
)

K (x,X𝑇)𝜔 − 𝑦𝑖 + 𝑏 ≤ 1𝑃 (𝑦𝑖) (𝜀 + 𝜉∗
𝑖
)

s.t. 𝑦𝑖 − K (x,X𝑇)𝜔 − 𝑏 ≤ 1𝑃 (𝑦𝑖) (𝜀 + 𝜉𝑖)
𝜉𝑖, 𝜉∗𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑛.

(12)

3.3. Parameters Optimization Based on PSO. Normally, the
performance of the different SVRs is intensively dependent
on the parameters selection. A PSO based hyperparameters
selecting method in [10] is used in this paper. After dataset
was normalized, the control parameters of PSO including
maximum velocity (𝑉max), minimum velocity (𝑉min), initial
inertia weight (𝜔min), final inertia weight (𝜔max), cognitive
coefficient (𝜙1), social coefficient (𝜙2), maximum generation,
and population size should be initialized according to the
experience of operators. In our experiment, we set the
control parameters of PSO based on Table 1. In the following
experiments, there are at most five hyperparameters of
different SVRs that need to be optimized in PSO. These
parameters include penalizing coefficient (C), radial basis
function kernel parameter (𝛾), and polynomial degree (d),
(𝜀) in 𝜀-insensitivity function and mixing coefficient (m) in
multikernel function. In our experiments, different compar-
ative methods adapt different groups of parameters and, in
order to search the global optimum reasonably, the parameter
m is limited in [0, 1], 𝛾 in [10−2, 10], d in [1, 10], C in[10, 1000], and 𝜀 in [10−4, 10−1]. During the process of
searching best parameters by PSO, particles update their
positions by changing velocity and converge finally at a global
optimum within the searching space. In this study, the parti-
cles’ positions are the combination ofm ,𝛾, d, C, and 𝜀, which
are denominated as P. Then V-fold (V = 5) cross-validation
resampling method is applied to validate the performance
of searched best parameters until criterions are met. To
evaluate the performance of training process, mean square
error (MSE) is chosen as the fitness function, which is
formulated as (8). Figure 2 shows the workflow to find the
optimum values of each parameter in models.
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V-fold cross-
validation
accuracy?

No
Or

Testing SVR based on the
optimized parameters

Yes

Predict result using well-
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Search best value m,, d,
C,  by PSO algorithm

Figure 2: Workflow on hyperparameters’ selection.

4. Experimental Results

To verify the effect of the probability distribution information
on the standard SVR model, we employed three kinds of
numerical experiments with real datasets. In these experi-
ments, we considered three kernels including linear kernel,
polynomial kernel, andGaussian kernel as SVRs’ kernel func-
tions. All of the experiments were operated onMATLABwith
Intel i5 CPU and 6 GB internal storage.

Experimental studies have mainly compared different
SVR models, including basic SVR, MKSVR and heuristic
weighted SVR [21]. The correlation coefficient r and mean
square error (MSE) are used to evaluate generalization per-
formance. The formulas of these two criteria are listed in
Section 2.2.

4.1. Example 1. Example 1 tested the previous four methods
with one-high-dimensional functions, as shown in [22]

𝑓 (x) = 𝑛∑
𝑖=1

{[ln (𝑥𝑖 − 2)]2 + [ln (10 − 𝑥𝑖)]2}

− ( 𝑛∏
𝑖=1

𝑥𝑖)
0.2

+ 𝑒𝑖 (𝑘) ,
2.1 ≤ 𝑥𝑖 ≤ 9.9 (𝑛 = 3) .

(13)

In the above function, the symbol 𝑒𝑖(𝑘) indicates the random
fluctuation variable between −𝑘 and k. From the range of [2.1,
9.9] for 𝑥𝑖 above, we generated 100 data at random. Through
(13), we obtained the output of these 100 data. We evenly
divided the 100 data into five parts, which comprised four
training parts and one testing part. After the cross-validation
method introduced in Section 3.3, optimal hyperparameters
for different SVR algorithms are selected.

After obtaining the optimal hyperparameters, we then
determined the influence of noise on different SVR algo-
rithms.The range of the magnitude of the noise k, which was
set as 0.1, 0.5, 1, 3, 6, and 10, was set in accordance with the
output range. To obtain objective comparisons, 10 groups of
noise were added to each training sample of the algorithm
using the MATLAB toolbox, which completely generated
10 training datasets. Moreover, testing data were directly
generated from the objective function equation (13). The
results for the criterion of these ten experiments are recorded
by their average and standard deviation values, as shown in
Figures 3–5.

In these three figures, the average criterion values indi-
cated that the general performance of the algorithm and the
standard deviation are representative of the algorithm’s stabil-
ity. From Figures 3–5, we can see that the performance of the
proposed PDISVR is less affected by noisy information than
those of the other three SVR algorithms. In Figure 3, the result
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Figure 3: Four models’ prediction results in linear kernel with different noise: (a) is the average value of correlation coefficient 𝑟, (b) is the
average value of MSE, (c) is the standard deviation of correlation coefficient 𝑟, and (d) is the standard deviation of MSE.

line of PDISVR is more stable than other three methods. And
it achieves best prediction performance when adding larger
noise in samples among all models. Compared to Figure 3,
the PDISVR’s ability to predict is not always the best in
Figures 4 and 5. That means the PDISVR with linear kernel
is suitable for this dataset. Besides, in the area with large
intensity of noise, the basic SVR andMKSVR poorly handled
the effects of noise. Although HW-LSSVR resisted some of
the effects of noise, its performance slightly worsened with a
high intensity of noisy samples.The average of the prediction
accuracy and standard deviation of PDISVR were relatively
better in fitting models with noise of 1, 3, 6, and 10. With
noise of 0.1 and 0.5, although the differences among the
average values were small, the PDISVR was more stable than
other algorithms in some certain circumstances.

4.2. Example 2. The effects from rough error cannot be
ignored in real production processes. To better simulate real
production conditions and reveal the robustness of the pro-
posed PDISVR when the training samples involved outliers,
the rough error term should be added to the function in the
previous model. A total of 80 data with a noise intensity of 1
were haphazardly generated by (13) as a fundamental training
sample. Test samples containing 20 data were also generated

by (13). Then, the dependent variables of the 17th and 48th
data in the fundamental training sample were attached 4.5×𝑒
and 3 × 𝑒, respectively, as two trivial outliers. The dependent
variable of the 50th datum in the fundamental training
sample was attached 10 × 𝑒 as one strong outlier. Thus, the
new training sample that contained one strong outlier, that
is, the 50th datum, and two trivial outliers, that is, the 17th
and 48th data, was constructed.

To better compare the predictive performance of the dif-
ferent SVR algorithms, the same four algorithmswere trained
ten times in samples with three outliers. The average values
and standard deviation values of 𝑟 and MSE represented the
performance of these algorithms.

As indicated in Tables 2–4, the PDISVR algorithm per-
formed better in the testing experiments than the other algo-
rithms. The unweighted SVR and MKSVR were influenced
by noise and produced biased estimates in predicting results,
whereas PDISVRdramatically reduced this secondary action.
Given the misjudgments on the outliers in this complicated
system, the HWSVR algorithm could not obtain satisfactory
results even when it adapted weighted error parameters.

In order to illustrate the quality of PID-SVR’s weight
element, we compared the weighting results in Table 2. The
weight values of the PDISVR algorithm in training samples
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Figure 4: Four models’ prediction results in radial basis function kernel with different noise: (a) is the average value of correlation coefficient𝑟, (b) is the average value of MSE, (c) is the standard deviation of correlation coefficient 𝑟, and (d) is the standard deviation of MSE.

Table 2: Testing results of SVR algorithms with rough error (linear kernel).

Criterion PDISVR SVR HWSVR MKSVR
𝑟

Average value 0.89278 0.86844 0.84402 0.85828
Standard deviation 0.000258 0.002867 0.002707 0.001998

MSE
Average value 0.30614 0.52311 0.58221 0.45612
Standard deviation 0.003953 0.111161 0.045897 0.028321

Table 3: Testing results of SVR algorithms with rough error (radial basis function kernel).

Criterion PDISVR SVR HWSVR MKSVR
𝑟

Average value 0.78424 0.78126 0.75976 0.64346
Standard deviation 0.000297 0.000169 0.000774 0.000244

MSE
Average value 0.70686 0.73748 0.62362 0.84296
Standard deviation 0.00316 0.00150 0.00506 0.00136

are listed in Figure 6. The weight values of the HWSVR
algorithm are listed in Figure 7. As shown in Figure 6, the
weights of two trivial outliers were 0 and 0.10531 for the 17th
and 48th data, respectively, and the weight of one strong out-
lier was 0.00036, which indicated that the PDISVR precisely

detected the outliers. As shown in Figure 7, the HWSVR did
not perform as well as PDISVR. One strong outlier had a
weight of 0.0751 and two trivial outliers had weights of 0.3143
and 0.2729, which were unsuitable for modeling given that
smaller weights, such as that of the 23rd datum (0.0126),
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Figure 5: Four models’ prediction results in polynomial kernel with different noise: (a) is the average value of correlation coefficient 𝑟, (b) is
the average value of MSE, (c) is the standard deviation of correlation coefficient 𝑟, and (d) is the standard deviation of MSE.

Table 4: Testing results of SVR algorithms with rough error (polynomial kernel).

Criterion PDISVR SVR HWSVR MKSVR
𝑟

Average value 0.83278 0.79399 0.75874 0.8137
Standard deviation 0.000377 0.004657 0.009121 0.003568

MSE
Average value 0.4473 0.727 1.48208 0.62433
Standard deviation 0.003168 0.076291 1.462867 0.028654

could affect outlier detection. Thus, the influence from two
trivial outliers on the predictability of the PDISVR algorithm
was reduced and the influence from one strong outlier was
eliminated. By contrast, the effect of outliers remained in the
HWSVR algorithm.

4.3. Example 3. To test our regressionmodel in amore realis-
tic way, we imported six more realistic datasets from the UCI
Machine Learning Repository [23–25], Department of Food
Science, University of Copenhagen database [26], and some
real chemical industrial process [14]. See Table 5 for more
detailed information. In these datasets, four out of five data
were used for training and one-fifth of the data was used for

testing. The hyperparameters used in this example are also
obtained by the process introduced in Section 3.3.

As shown in Tables 6–8, the proposed PDISVR obtained
the best predictive ability in the majority of the criterion. For
example, in the case of Auto-MPG, the proposed PDISVR
was best achieved with both standards. Thus, the proposed
PDISVR is appropriate for the Auto-MPG dataset. In the
datasets for crude oil distillation and computer hardware,
the proposed PDISVR only obtained the best correlation
coefficient r and could not establish a suitablemodel at a point
where the probability distribution was low, thus increasing
the MSE. Therefore, the use of PDISVR requires validation
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Table 5: Details of the experimental datasets.

Data Number of instances Number of attributes Dataset information

Combustion side reaction 144 6
The combustion side reaction is the process by which

the solvent and reactants are oxidized to carbon
dioxide, carbon monoxide, and water

Auto-MPG dataset 398 8 Data concerning city-cycle fuel consumption

Computer hardware dataset 209 9 Relative CPU performance in terms of cycling time,
memory size, and other parameters

Soil samples measured by
Near-Infrared Spectroscopy
(NIR)

108 1050 This data is about the soil organic matter (SOM) from
northern Sweden (681210N, 181490E)

Energy efficiency 768 9
This study looked into assessing the heating load and
cooling load requirements of buildings (that is, energy

efficiency) as a function of building parameters

Crude oil distillation process 30 1 Data related to different components with different
boiling points

Table 6: Comparative results of previous SVR models in real datasets (linear kernel).

Criterion PDISVR SVR HWSVR MKSVR

Combustion side reaction 𝑟 0.7141 0.6790 0.6797 0.6939
MSE 0.0051 0.0050 0.0046 0.0044

Auto-MPG 𝑟 0.9055 0.8578 0.8992 0.8554
MSE 19.0023 25.8051 23.7999 20.4802

Computer hardware 𝑟 0.9533 0.8750 0.8748 0.9012
MSE 7987.2 8373.7 8381.5 6577.2

NIRSOIL 𝑟 0.8033 0.7335 0.7712 0.7657
MSE 1806.1 2230.3 2085.1 2385.8

Energy efficiency 𝑟 1 1 1 0.9999
MSE 0.0047 1.1092 0.0221 0.0818

Crude oil distillation process r 0.9372 0.7684 0.9372 0.9927
MSE 1016.2 972.4 14510 8162.8
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Figure 6: Weights of the training sample for PDISVR.

through additional research and dataset message. Moreover,
in the sample of crude oil boiling point, there are far less
quantity of data, and the PDISVR cannot differentiate the
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Figure 7: Weights of the training sample for HWSVR.

noise according to its probability distribution. Thus, the
proposed PDISVR is applied to improve the SVR in the case
of large datasets.
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Table 7: Comparative results of previous SVR models in real datasets (radial basis function kernel).

Criterion PDISVR SVR HWSVR MKSVR

Combustion side reaction 𝑟 0.6664 0.425 0.6031 0.5827
MSE 0.0038 0.0095 0.6031 0.0578

Auto-MPG 𝑟 0.5594 0.614 0.6261 0.6563
MSE 20.4277 26.1598 169.7247 22.0482

Computer hardware 𝑟 0.7815 0.8597 0.8647 0.8851
MSE 27961 19986 15355 13160

NIRSOIL 𝑟 0.7278 0.6707 0.5565 0.5666
MSE 1113 1302.3 1601.1 3523.5

Energy efficiency 𝑟 1 0.9796 0.9901 0.9997
MSE 0.000269 4.1875 3.019 0.0474

Crude oil distillation process 𝑟 0.9899 0.9739 0.9913 0.9573
MSE 47.7425 78.7604 1119.8 317.6248

Table 8: Comparative results of previous SVR models in real datasets (polynomial kernel).

Criterion PDISVR SVR HWSVR MKSVR

Combustion side reaction 𝑟 0.5796 0.6853 0.8078 0.5518
MSE 0.0081 0.0106 0.3546 0.1237

Auto-MPG 𝑟 0.9124 0.9338 0.9341 0.8604
MSE 1821.3 6793.3 6814.4 4855.9

Computer hardware 𝑟 0.8337 0.8571 0.8519 0.8423
MSE 12.5509 19.5298 19.8641 13.9781

NIRSOIL 𝑟 0.6576 0.6342 0.6468 0.6429
MSE 2751.3 3104.7 2918.9 3007.3

Energy efficiency 𝑟 1 0.9964 0.9988 0.9867
MSE 0.0221 0.4598 0.1676 4.1448

Crude oil distillation process 𝑟 0.9571 0.8071 0.9807 0.9913
MSE 321.8016 112.9353 54.3637 1105.4000

5. Conclusion

In traditional SVR modeling, the deviation between the
model outputs and the real data is the only way to represent
the influence of noise. Other information, such as possibility
distribution information, is not emphasized. Therefore, we
proposed a special method that uses the possibility dis-
tribution information to modify the basic error parameter
and slack variables of SVR. Given that these parameters
are weighted by the probability distribution of the model
output points, they can be adjusted by SVR itself and no
longer require optimization by any intelligent optimization
algorithm.The proposed algorithm is superior to other SVR-
based algorithms in dealing with noisy data and outliers in
simulation and actual datasets.
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