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Abstract : A supervised classification method having a local learning ability, called weighted projection twin support
vector machine ( WPTSVM) , is proposed. This method aims to improve upon a defect that projection twin support
vector machines ( PTSVMs) have, namely, that PTSVMs do not take account of the local structure and local infor-
mation of a sample space in the training process. Compared with PTSVM, WPTSVM improves its local learning a-
bility to some extent by attaching different weights for each sample according to the within-class neighborhood graph
and replacing the standard mean with a weighted mean. Moreover, to reduce computational complexity, WPTSVM
chooses a small number of boundary points in the contrary-class based on the between—class neighborhood graph to
construct constraints of the original optimization problems. The method inherits the merits of PTSVM and can be re-
garded as an improved version of PTSVM. Experimental results on artificial and real datasets indicate the effective-
ness of the WPTSVM method.

Keywords : classification; projection twin support vector machine ; local information; weighted mean; neighborhood

graph; quadratic programming; constraint condition; time complexity
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Table 2 Classification comparision of three algorithms on

two-moons dataset

TWSVM PTSVM WPTSVM

Dataset

77.17+13.72 76.33+12.36  78.83+8.86

two-moons
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Table 3  Experimental comparision of three algorithms on UCI datasets with linear kernel
TWSVM PTSVM WPTSVM
Dataset
E#R/ % plERGEVE nRTE WNZRISTa]/ s EWR/ % YIZRITa] /s
Hepatitis( 155%19) 84.17+7.79 3.84 83.67+10.80 3.46 87.33+9.17 1.36
Cleve (296x13) 82.42+4.21 5.40 82.08+3.38 5.26 83.46+3.71 2.56
Sonar (208x60) 66.00+16.85 3.93 66.36+14.27 3.82 68.07+13.60 1.58
Bupa_liver(345x6) 68.69+3.23 2.42 67.59+5.30 2.84 70.20+6.42 2.17
Wdbe (569%30) 96.99+1.63 19.77 96.99+1.63 19.95 97.53+1.65 1.14
Haberman (306x3) 74.50+2.11 4.09 74.56+7.90 5.74 75.44+5.03 1.36
Heart (270x13) 84.07+5.25 5.30 84.07+5.51 5.38 85.19+5.49 2.40
Monks2 (432x6) 67.14+4.98 2.84 67.84+3.15 2.56 67.13+3.20 0.78
Monks3 (432x6) 77.41+11.32 6.07 80.74+13.05 6.32 81.69+12.85 3.76
Australian (690x14) 86.26+4.76 13.37 86.28+4.91 11.90 86.83+5.25 2.81
Pima_india(768x8) 77.17+2.80 40.91 76.41+3.53 42.81 76.79+4.05 10.25
Tic_tac_toe(958x9) 64.93+2.31 18.07 63.11+5.33 18.21 78.72+6.13 6.24
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Table 4 Experimental comparision of three algorithms on UCI datasets with nonlinear kernel

TWSVM PTSVM WPTSVM
Dataset
IEHIR/ % YIZRTa]/ s IERIR/ % YNZRm ]/ EWR/ % PLEREEVE
Spectf (267x46) 83.43+7.15 14.63 82.49+8.36 14.65 84.03+5.17 1.73
Cleve (296x13) 85.12+5.77 7.22 85.93+4.90 7.82 85.24+4.56 3.40
Wpbe (198x33) 79.36+5.52 4.12 78.03+£6.59 1.72 79.98+6.62 0.59
P_gene (106x57) 65.50+18.23 2.25 64.13+£21.17 2.22 68.13+16.71 1.19
Sonar (208x60) 63.29+18.65 7.55 64.50+13.50 8.63 68.43+13.26 2.78
Spect (267x22) 84.42+9.04 11.42 84.42+7.43 4.01 84.80+8.27 5.54
Monks2 (432x6) 68.77+£15.24 5.02 68.71+3.43 6.43 68.99+11.07 4.57
Vertebral (310x6) 85.81+6.32 5.63 84.52+6.42 6.02 86.13+6.46 2.87
Monks3 (432x6) 98.70+3.89 11.09 98.52+4.44 9.97 99.26+2.22 8.03
Breast_gy(277x9) 75.86+5.89 5.24 73.57+4.10 4.04 75.94+6.69 0.87
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2016 9th IFAC Symposium on Intelligent Autonomous Vehicles (IAV)

The Symposium targets topics in the field of intelligent autonomous vehicles (IAV). Tt presents methods and representative tech-
niques to either solve typical problems or to document successful test cases and applications. The addressed modality of the vehicles may
range from land, sea and air to space and they may be designed as multi vehicle systems in swarms or networked platoons as well as indi-
vidual carriers.

The covered key topics will include (but will not be limited to) :

1) Architectures for autonomous vehicles and teams of IAVs;

2) Perception including sensing, sensor integration, smart sensors and sensor networks ;

3) Recognition;

4) Decision support systems, driver support systems, Advanced driver assistance systems;

5) Planning and mission control ;

6) Local and global roadmap planning, trajectory tracking and path following;

7) Localization including SLAM and map building;

8) Navigation, guidance and control, motion control, controller design, stability analysis;

9) Human vehicle interaction ;

10) Transportation systems

11) Remote control, monitoring and teleoperation ;

12) Fault detection, diagnosis and removal in IAVs and systems;

13) Domestic robots, service and rehabilitation robots;

14) Field robotics, maritime and ocean robots;

15) Networked IAVs;

16) Swarm robotics ;

17) Communication and cooperation for teams for IAVs.

Website . http://iav2016.inf.h-brs.de/



