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Abstract: 

Gaussian Process Regression (GPR) is one of the most important techniques of automated 
learning, and has become a hot research subject in prediction tasks, which proposed by Williams 
and Rasmussen in 1996. 
GPR can successfully analyze various data sets and generate predictions with high prediction 
accuracy. Nevertheless, the main challenge is the selection of GPR parameters. However, there 
is no generally structured way, yet.  
In this study, we proposed new method in investigating the capability of GPR parameters using 
particle swarm optimization algorithm (PSO), and their quality was verified by applying them on 
both artificial and realistic data. This method was also compared with the analytical or 
experimental selection method (AS) using the measurements of prediction error explanation 
(MSE, RMSE, MAPE), in order to obtain the ideal method to select these parameters. 
The results showed that the proposed method gives the best predictive accuracy when used to 
select parameters Gaussian Process Regression.  

Keywords: Gaussian Process regression (GPR), Particle Swarm Optimization (PSO), Hyper-
Parameters, the measurements of prediction error explanation. 

 

 

 

____________________________ 

Postgraduate Student (PhD) Dept. of Mathematical Statistics -Faculty of Science
University of Aleppo 

Assistant Professor Dept. of Mathematical Statistics Faculty of Science University 
of Aleppo   
 



9201-21No.- 2vol.  University Journal of Hama 

 

 

Introduction

Gaussian Process Regression)
(GPR)SVR

Regression
RasmussenWilliams

Bishop) 2007 RasmussenWilliams2006
GPR

Bishop) 2007

Particle Swarm Optimization
2Materials and Methods
2

Td
( ) :f x x

fP
 

 (GP) 
RasmussenWilliams2006Liu

 
GP



9201-21No.- 2vol.  University Journal of Hama 

 

 

Bishop) 
 Y Xd

 

curse of dimensionalityd
(GPR)Gaussian process 

regression model 

 

RasmussenWilliamsLiu

 (GPR) 

5
Kronecker delta



9201-21No.- 2vol.  University Journal of Hama 

 

 

 

RasmussenWilliams

Analytic Selection

8
 

9 

Bishop  RasmussenWilliamsShi Choi

Hyper-Parameters
ShiChoi 

Particle Swarm Optimization

Particle Swarm Optimization

Aich )  Banerjee  Hu 



9201-21No.- 2vol.  University Journal of Hama 

 

 

Inertia Factor

Constriction Factor

Cognitive Acceleration

Social Acceleration
Aich )  Banerjee

 Mullen) 2014
GPR

GPR

 

GPR

MSE RMSE (MAPE



9201-21No.- 2vol.  University Journal of Hama 

 

 

 

GPR
Memorial 

ComponentCognitive Component
Social Component Hu 

2010

GPR

 
           



9201-21No.- 2vol.  University Journal of Hama 

 

 

       
     
        

      Hu) 

  

=0.1

 MSE, RMSE
HyndmanKoehler 2006

Mean squared error
Root mean squared error

  

residualsHardle) 

k-fold Cross Validate
k

kHyndman
Koehler2006k=10

R
Packages

CottonMatloff,



9201-21No.- 2vol.  University Journal of Hama 

 

 

caret
kernlab

hydroPSO

  

0.2238204
AS 

 

 PSO

R 

PSOAS

MAPERMSEMSEMAPERMSEMSE

0.151673 0.4242735 0.1821091
0.326710

2
0.764291

8 
0.641398

1 

10-CV

 

0.0875836 0.2947241 0.0868622
0.270241

1 
0.696100

3 
0.484555

6 

All Data

R



9201-21No.- 2vol.  University Journal of Hama 

 

 

PSO
PSO

Rplotlines

MSE RMSE (MAPE

PSO



9201-21No.- 2vol.  University Journal of Hama 

 

 

  

5.860907  
AS 

 

3.360936090.08873033 PSO 

R

PSOAS

MAPERMSEMSEMAPERMSEMSE

 0.09250180.0092290 
  

10-CV

 

1.073861 
  

All Data

R

 



9201-21No.- 2vol.  University Journal of Hama 

 

 

PSO
Sinc=0.1

PSO

Sinc

GPR



9201-21No.- 2vol.  University Journal of Hama 

 

 

Conclusions

PSOGPR
ASMSE

RMSE(MAPE

PSO



9201-21No.- 2vol.  University Journal of Hama 

 

 

PSO

 Recommendations 

PSOGPR
Parallel Programming 

PSO
2

PSOGPR

GPR



9201-21No.- 2vol.  University Journal of Hama 

 

 

-References: 

1- Aich, U., and Banerjee, S., (2014). Modeling of EDM Responses by Support Vector 

Machine Regression with Parameters Selected by Particle Swarm Optimization, Applied 

Mathematical Modelling, 38 2800 2818. 

2- Bishop, C. M., (2007).Pattern Recognition and Machine Learning. Springer. 

3- Cotton, R., (2013). a, Inc., United States of America, 377. 

4- Hardle, W , Muller, M., Sperlich, S.,and Werwatz A., (2004  .Nonparametric and 

Semiparametric Models, Springer, Berlin, 301. 

5- Hu, Z.,Min, W, Huang, X., (2010).Parameter Selection of Support Vector Regression 

Based on Particle Swarm Optimization, International Conference on Granular Computing, 5, 

251  256. 

6- Hyndman, R., J., Koehler, A. B., (2006). Another Look at Measures of Forecast 

Accuracy, International Journal of Forecasting, 22, 679 688. 

7- Liu, Y., Keller, Y., Song,  PH., Bond, J., Jiang, G., ( ).Prediction of concrete 

corrosion in sewers with hybrid Gaussian processes regression model. RSC Advances  7, 

30894 30903. 

8- Matloff, N., (2011).The Art of R Programming, Malloy Incorporated, United States of 

America, 373. 

9- Mullen, K., (2014). Continuous Global Optimization in R, Journal of Statistical Software, 

60, Issue 6. 

10- Rasmussen, C. E., Williams C. K. I., (2006).Gaussian Processes for Machine 

Learning. MIT, Press. 

11- Shi, J. Q., Choi, T., (2011).Gaussian Process Regression Analysis for Functional 

Data. Chapman & Hall/CRC, London, rst edition. 

 

 

 


