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Abstract: Support vector regression based on multi-scale wavelet kernel has strong robustness and good

generalization ability, but it is critical for it to choose appropriate model parameters. Obviously, the multi-

scale kernel method has more difficulty in model selection than the single kernel approach. This paper

proposed an approach about how to develop support vector regression based on mutli-scale wavelet

kernel. It applied quantum clustering to data partition in order to determine the scale parameter of the

multi-scale kernel, resorted to the support vector data description algorithm to calculate the kernel width

of the corresponding data points, and then used cultural algorithms to optimize the kernel width and the

remaining parameters. The results showed that the multi-scale kernel method outperformed the single wavelet
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approach and the Gaussian method. The experiments about three regression data sets—Boston housing,

Bodyfat and Santa demonstrated that in contrast with the Gaussian approach, the present multi-scale

wavelet support vector regression made the mean squared error of test sets decrease by 6. 8%, 62.0% and

91. 3%, respectively. Meanwhile, the proposed approach exhibited good generalization ability for propylene

concentration estimation in the bottom byproduct of propylene fractionation tower. It not only enabled the

model output of training set for propylene concentration to show little difference with the actual output,

but also made the relative error of test set down to 0.211. Compared with other methods, it had the

minimal prediction error.

Key words: multi-scale wavelet kernel; quantum clustering; support vector data description; cultural

algorithms; model selection
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set free parameter ¢ in wave function w(x), calculate
w(x), potential energy ¥ and eigenvalue E according
to Eq. (4), (5) and (6), respectively

]
compute VV based on formula of gradient descent
approach, and then get data matrix

]

let iteration 7 =1

Y
classify data matrix by inertia threshold x(f), and
calculate DB, corresponding to partition

let t = ¢t +1, determine whether ¢
reaches maximal iteration T'

select optimal partition depending on DB index
criterion

B T R R R R A
Fig. 1 Flow chart for example classification

based on quantum clustering algorithm
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Table 1 Kernel width selection by SVDD

Dataset C s Diameter

housing 2.16 15.1 4.17
3.9 7120 2.21
Bodyfat 3.28 797.3 2.51
147. 46 4577. 6 1.93
Santa 0. 94 60430 0. 87
59. 96 81079. 5 0.92
0.58 10601 0.73
propylene 0.025 1008. 6 1. 89
0.021 3954. 4 0.6

Note: C and s are model parameters of SVDD. Diameter

represents kernel width of present method.
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Table 2 Parameter selection and generalization

ability comparison for Boston housing dataset

Method C*, vs6*%(a?) nSVs Mean = Std
Gaussian v-LPSVR 100, 0.2, 1 170. 2 9.593+6.627
single wavelet 305.3, 0.13, 77.5 11.07147. 487
v-LPSVR (18.58)
multi-scale wavelet  305.3, 0.13, 166. 7 8. 9434 4. 489
v-LPSVR (17. 39, 4.88)

Note: nSVs denotes average number of support vectors for all
splits. Mean and Std are averages, standard deviation of mean
squared error of test sets for all splits. ¢* is width of Gaussian ker-
nel. a; is kernel width of single or multi-scale wavelet. C* and v are
model parameters of v-LPSVR.

& 3 Bodyfat HIEEMNSERFER ZA MR
Table 3 Parameter selection and generalization

ability comparison for Bodyfat dataset

Method C*, v.06"%(a?) nSVs Mean+ Std
v-LPSVR 1000,0. 001, 87.3 6.39X10°4
0.29 2.98X107°
single wavelet 57.84, 0.72, 90. 0 3.5X10 °=+
v-LPSVR (8.61) 2.11X10°°
multi-scale wavelet  57.84, 0.72, 129.5 2.43X10 5%+
v-LPSVR (6.3, 3.74) 1.75X107°

R4 SamtaHEEHNSHEFERZHEERILL
Table 4 Parameter selection and generalization

ability comparison for Santa dataset

MSE of NMSE of

Method C*, () 6*2(al) nSVs
test set  test set
eSVRI™ 10, 1000, 0. 01 — — 0.0197
v LPSVR 100, 0.2,2.5 37 0.000447 0.0114
single wavelet 5.23, 0.24, 43 0. 000134 0.0034
v-LPSVR (1. 35)

multi-scale wavelet 5. 23,0. 24,(0. 753, 86 0. 000039 0.0010

- LPSVR 0. 85,0. 539)

Note: ¢ is parameter of eSVR.
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0 20 40 60 80 100
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Fig. 2 Test set error for 100 housing data splits
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Fig. 3 Test set error for 30 Bodyfat data splits
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Table 5 Generalization ability comparison of Boston

housing dataset with different kernel width

Method C*, v.06"%(a?) nSVs Mean+ Std

multi-scale 305. 3, 0.13, 348.7 12.67347.677

(radius kernel) (4.35,1.22)
multi-scale 305.3, 0.13, 166. 7 8.94344. 489
(diameter kernel)  (17.39, 4.88)
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Fig. 4 Flow chart for propylene rectification tower
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Table 6 Training patterns for propylene data

Output variable Input attributes

Propylene Sensitive plate Column reactor
concentration/ % temperature/ C pressure/ MPa
1. 88 60. 87663 1. 98383
4.01 60. 79488 1. 99318
10. 24 61.23131 2.05157
23.78 55.47893 1. 93808

Note: Propylene data is derived from industrial equipment data.
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Table 7 Performance comparison for propylene data

MSE of RE of

Method C*, wv.06*%(a?) nSVs test set  test set
v-SVR 90,0. 35,0. 476 49 2.701 0.237
v-LPSVR 300. 023,0.179,0.512 12 2.749 0. 260
single wavelet 306.3,0.71, 9 2.839 0.272
v-LPSVR (4.41)
multi-scale wavelet 306.3,0. 71, 27 2.052 0.211
v-LPSVR (3.572,0. 36)
RBF-NN — — 2. 885 0.276

Note; Parameter setting of RBF-NN in matab toolbox is:

goal=1Xx10"7°, spread=0.5, MN=7, DF=25.
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Fig. 5 Training set prediction for propylene
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Table 8 Performance comparison for propylene data

after exceptions removal

MSE of RE of

Method C*, vs6*%(a?) nSVs
test set  test set
v-SVR 15.204,0.611,0.067 72 1. 438 0. 264
v-LPSVR 23.688,0.256,1.408 5 1. 487 0.274
single wavelet 71.671, 0.676, 16 1. 345 0.261
v-LPSVR (0.518)

multi-scale wavelet ~ 71. 671, 0. 676, 16 1. 309 0. 256

v-LPSVR (0.457,0.275)
RBF-NN — — 2.221 0. 349

Note: Parameter setting of RBF-NN in matab toolbox is:
goal=1Xx10"°, spread=0.5, MN=7, DF=25.
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