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Abstract

Recently,LSTSVM,as an efficient classification algorithm, was proposed. However, this algorithm computes

squared L.2-norm distances from planes to points.such that it is easily affected by outliers or noisy data. In order to

avoid this problem, this paper presented an efficient L1-norm distance based robust LSTSVM method, termed as LSTS-

VMi1p. LSTSVM, 1 computes L1-norm distances from planes to points and is not sensitive to outliers and noise. Be-

sides, this paper designed an efficient iterative algorithm to solve the resulted objective,and proved its convergence. Ex-

periments on artificial dataset and UCI dataset indicate the effectiveness of the proposed LSTSVM;,y,.
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79.4315.6063
98.58+£0.5748*

95.13%0.6521

72.08+4.9362"
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90.60%1.9303"
81.49+3.3255"
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78.69£6.2299 "
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73.70+£4.0178
80.06+6.3632"
84.53+5.1730"
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78.90£9. 2556 "
76.45+5. 9462 "
95.66+£2.6206"
89.74+1.2963"
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Table 1 Classification performance of GEPSVM,TWSVM, LSTSVM, L1-GEPSVM and LSTSVM]| ;, on original dataset
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Dataset(m X n) e — . — - — - o = — 5 =
W E AR £ HE ATk = M E AR £ M E AR % M AR
Heart(270X13) 80.744+6.1532 75.93+3.7037" 82.96+3.9545" 68.15+7.0662 84.07 £3.4347
Monks2(601X6) 68.72+2.1208" 62.73+4,0855" 65.23+2.2525 68.39+2.9216* 66.23+2.2851
Monks3(554 X 6) 80.14+3.7623" 80.86+3.0458" 83.57+5.1715 84.28+5.4189" 82.13+£2.8645
Cancer(683X9) 95.76+2.6617" 92.54+0.9527* 96.05+1.9855 86.23+10.2011" 96.34%1.5933
Ktest(1130X5) 49.2945.4988* 54.60+5. 7665 54.51+5.6623 53.19+4.3615" 54.96+2.7760"
Pidd(768X8) 73.83+5, 7464 75.39+2,3068" 77.21+3.6558 74.87+5.0051" 77.47+2.7060"
Clave(963X19) 73.414+3.0727 73.52+2.1024 74.04+2. 1596 73.31+3.3311 73.93+1.9505
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77.34%+2.6012"

82.
85.
86.
72.
83.
79.
99.
94.

62+£8.
8845,
37%3.
602,
1ME1.
43%5.
27%0.
30+0.

4077
6529
2940
4779
1703
6063
2757
4752
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Table 2 Classification performance of GEPSVM, TWSVM,LSTSVM, L1-GEPSVM and LSTSVM, ;;, on dataset with 10% Gaussian noise

Dataset(m X n)

Heart(270X13)
Monks2(601X6)
Monks3(554 X 6)
Cancer(683X9)
Ktest(1130X5)
Pidd(768X8)
Clave(963X19)
Sonar(208 X 60)
Pimadata(768 X 8)
Tonodat(351 X 34)
Clevedata(297 X 13)
Housing(506 X'13)
Germ (1000 X 24)
Mush(8124X22)
Spect(267 X 44)
Bright(2462 X 14)
Dim(4192X14)

LA %)
GEPSVM TWSVM LSTSVM L1-GEPSVM LSTSVMLip
R AT E R A E M+ Ar ok £ M+ Ap ok 2 M B+ Ar ok 2
68.52+9.2593" 70.37+£5.4935" 74.44+3.1860" 70.74+6.5105" 76.67+3.2288
67.73+£3.9638 62.39£3.4785" 61.23+£2.8834" 68.24+6.9758" 66.22+2.1834
77.61+£4.5604 " 80.14£2.3286" 80.68+£2.1872" 84.31%£4.2190" 82.31£2.8777
95.46+2. 9649 92.10+£0.6979 " 93.42+1.6514" 85.94+8.8914" 96.4911.7468
53.36+£3.8584" 55.04£5.4308 55.13+2.6929 53.36+E4.4079" 55.31%+2.9351
74.48+£4.5257" 73.57+£1.5978" 75.12+£3.8776 75.39£3.7020 75.78+2.5273
73.51+£2.9302 73.73+£1.8125 73.83%2.1509 73.73+£2.7286 73.83%+1.7802
74.12+7.8492 68.75+4.8806 " 70.13£5.7602" 74.64%10.5609 74.08+3.5758
75.13+4.4184 74.86+4.6422" 74.86+3.8403" 75.30£3.7020 75.3813.9405
79.21+£6.3443" 86.32+£4.1192" 89.74£2.4617" 81.17£8.2317" 90. 88+ 3. 4566
85.541+4.2138 75.76£7.7899 " 77.45£6.4367 " 85.53+5.1674 85.54+5.2382
71.16+£4.9628 " 71.15£6.2795" 81.03£4.3048" 72.3245.2794" 82.21%5.2769
70.00+4. 9800 70.60£3.0232 72.90%+2.6533" 70.60+4.5651" 71.10=£1. 8815
75.89+12.0174" 78.52+£1.3667" 81.52+£0.9431" 70.47+£7.6785" 82.37%1.5020
75.64+6.0309 " 79.06+5.8798 79.43+6.5118 75.70+8.2287" 79.77+5.5370
97.20+£1.4676 97.08+£0. 3299 96.10+£0.2359" 95.16£3.7022" 97.48%+0.7119
91.84+1.2244 " 94.2710.7364 92.27+0.8520" 89.67+1.6551" 93.32+0.6760
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Table 3 Classification performance of GEPSVM, TWSVM,LSTSVM, L1-GEPSVM and LSTSVM] j;, on dataset with 20% Gaussian noise

Dataset(m X n)

Heart(270X13)
Monks2(601X6)
Monks3 (554 X 6)
Cancer(683X9)
Ktest(1130X5)
Pidd(768 X 8)
Clave(963X19)
Sonar(208 X 60)
Pimadata(768 X 8)
Tonodat(351X34)
Clevedata(297 X 13)
Housing(506 X13)
Germ (1000 X 24)
Mush(8124 X22)
Spect(267 X 44)
Bright(2462X14)
Dim (4192 X 14)

AT 2 9%9)

GEPSVM TWSVM LSTSVM L1-GEPSVM LSTSVMLip
WE LA E i JE ARk £ W+ ARk £ g+ ARk £ g+ Ak £
64.81+7.9866" 75.9314.2229" 72.59+5, 4181 68.52-48.8036 " 72.96+5. 1852
67.2342.7161 63.7342.7558" 65.2342,2525" 67.74+6.3451 66.0642.4170
80. 864 3.6583 " 83. 7542, 7549 % 83.39-44,9195* 84.28+5.0300" 81.77+2.8810
95.6142. 7792 96.19740. 8460 96.0541. 9855 " 86.9746.8319" 96.35+1.8415
53.6346.3223" 52.5741.5681" 55.2245. 0014 53.7244.1328" 55.66+ 1. 6650
73.83+3.6682" 76.18+3. 4303 75.9142.3471" 74.7445.6852" 76.43+2.6215
72.89-3. 2446 72.3842.6255" 72.6942.3777" 73.21+3. 1700 73.93+1.7384
76.02+7.8910" 73.0147.6527* 73.53744.2148 74.60749.9146 74.0746.1799
74.7443.8145" 75.13+4,1262* 75.7743.4134" 74.6243.6471" 76.56+2.5607
77.2146. 2307 * 87.7544.6662* 90.0341.5659* 82.0347.0347" 92.02+3.5736
84.8744.9698 84.19+3.6981* 81.4944,2372" 85.1845. 0238 85.21%5.3146
74.31+4.5802" 80.4443.7275" 79.8444.2134" 72.3245.2794" 80.83+4.2140
69. 604, 3863* 73.9043.0232* 74.20+2. 4207 70.60+4. 6733 71.50+3. 3317
82.0274-0. 9832 80.64-40.9119* 81.2540.9873* 73.2042.6432" 82.59% 1. 2071
78.69+7.5663" 79.0145.5570 78.30=+5. 6828 76.0549.6514 " 79.43+5, 6063
97.16+1.2820* 97.68-40.2748* 93.46+1.2915* 96.79=+1.7290" 98.09+0. 6631
91.2740.9633 " 93.77+0.3651" 91.5641.0550 " 89.7941.3299" 92.8740. 8865
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VM, LSTSVM, L1-GEPSVM il LSTSVM, , i 10 #f7 3F 3
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A TR

Table 4 Computing time of algorithms

R+ )
Dataset
X GEPSVM TWSVM LSTSVM L1-GEPSVM LSTSVMLip
mXn
Mush
0.0294 78.64 0.0187 1.2546 0.09432
(8124 X22)
Dim
0.0213 69. 25 0.0156 0.9263 0.05732
(4192 X14)

LSTSVMyp iy H A 8] 8 g — A AR sk i . BT
FAEB] T A8 R GE A R S AR L > LSTSVML, 19 H
FRfA. B 2 @R T1E Dim I A8l #2 L K7 il 1R £ 2 R
B EMAR B, MWE 2 AT A, LSTSVM, ., 6 58 1R
Hi Sk, ol 2 LSTSV My A #F 47 1 3 31 5 1Y — 4> & 22

1 2 3 4 5 6 7

Bl 2 LSTSVMuyip S 73 #r
Fig. 2 Convergence analysis of LSTSVM_i1p
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Fig. 8 Relation curves between node density and average delay
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