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Abstract
the source domain and the target domain but ignore the discriminant information of the specific features of each domain,

The traditional transfer feature algorithms usually focus on learning by using the common features between

which makes the existing algorithms lack the adaptability to some extent. In order to circumvent this issue, in this
paper a novel subspace transfer learning algorithm integrating heterogeneous features (STL-IHF) is proposed based on the
empirical risk minimum framework. The proposed method is based on the support vector machine (SVM)-like framework
with the feature space of each domain as a combination of the common features and the specified features. The proposed
algorithm can not only realize the transfer learning from the common features but also effectively leverage the specified
features of each domain, which makes it have much better adaptability in learning. Experimental results on simulation

and real data set show the power of the proposed algorithm.
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Fig.2 Illustration of data sets adopted in following experiments
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Table 1 Structure of synthetic datasets
Hiflitk ¥ S UIES 1EE e
K= 1000 1000 1000 1000
ik 1 YR 4 4 4 4
DS1 ke [25 3.5 25 18] [45 3.5 15 9] [25 3 8 20] [45 3 18 30
Ji % [10.53 5.08 2.3 2.2] [10.53 5.1 1.4 3.3] [8.43 6 2.14 1.34] [8.43 55 1 2]
K 150 150 150 150
Hndk 2 YEHL 4 4 4 4
DS2 ik [1.91 —1.83 5 10] [-5.91 —2.51 21 6] [2.42 —1.06 10 22] [—4.69 —4.37 16 16]
ik [2.9 3.36 1.8 1.5] [2.9 3.48 1.2 2.2 [2.45 3.73 2.4 1.6] [2.44 3.82 2.5 2.2

R 2 BHUHRR I IR BB ER (%)

Table 2 Percentage overall accuracy and standard deviation exhibited on different domain instances (%)

LIS ZH SVM LSSVM TrAdaBoost LP-SVM STL-IHF
itk 1 noise_oc = 0.5 85.76 £ 3.72 85.09 £ 1.75 91.24 £ 0.62 94.88 £ 0.77 98.35 £ 0.64
DS1 noise_o = 2 83.34 £ 1.41 83.75 £ 1.82 85.61 £ 1.27 90.28 £ 1.73 90.61 £ 0.51
noise_.o = 10 78.90 £ 2.58 80.44 £ 2.86 82.26 £ 1.75 83.43 £ 1.39 86.93 £+ 1.03
Hatk 2 0 = 10° 84.12 £+ 1.44 84.36 £ 0.46 89.14 £ 1.19 91.97 £ 0.49 96.64 £ 0.39
DS2 0 = 20° 83.51 £ 0.88 82.10 £ 0.67 87.47 £ 0.78 89.70 £ 1.10 92.28 £ 0.59
0 = 30° 79.72 £ 1.93 78.82 £ 2.41 84.82 £ 1.69 86.13 £+ 2.05 86.88 £ 1.83

2.1.2 BHUBIEELEERRSH
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(d) ORL face images of an object with rotation angle 10°

Fig.3 Cropped face image in the face image datasets
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Table.3 Accuracy and standard deviation on Yale datasets with different ratio (%)
sk FIFR B I 25 /0 SVM LSSVM TrAdaBoost LP-SVM STL-IHF
Yale 2/9 66.98 £ 4.09 67.14 £ 5.27 74.83 £ 4.41 81.32 £ 3.55 85.86 + 2.67
4/7 69.51 £ 3.68 72.28 £ 3.91 82.08 £ 3.02 84.61 £ 1.80 89.61 £+ 1.90
5/6 71.42 £ 4.82 74.00 £ 2.96 89.46 £ 3.09 90.81 £ 2.26 93.37 £ 1.37
%4 ORL Hilafe /)y SR RbREZ (%)
Table 4 Accuracy and standard deviation on ORL datasets with different ratio (%)
UGS H b U 25/ R SVM LSSVM TrAdaBoost LP-SVM STL-IHF
ORL 2/8 77.34 £ 2.79 80.00 £ 3.42 87.35 £+ 2.96 87.51 £ 2.49 94.28 £+ 1.64
4/6 78.88 £ 0.92 82.15 £ 1.04 92.32 £ 1.89 91.03 £ 0.99 95.84 £+ 0.74
5/5 82.00 £ 0.99 86.55 £ 1.07 93.08 £ 1.14 92.27 £ 0.69 96.99 £+ 1.29
5 A BRI NG FERMBRAEZE (%)
Table 5 Accuracy and standard deviation on across dataset with different ratio (%)
K e F BRI 1 25 / R SVM LSSVM TrAdaBoost LP-SVM STL-IHF
Yale vs. ORL 3/8 78.04 £ 2.54 81.31 £ 3.06 85.09 £ 2.68 86.02 £ 2.24 91.84 £ 1.16
5/6 81.64 £ 1.85 84.80 £ 0.91 92.79 £ 0.72 92.91 £ 0.94 93.79 £ 0.93
7/4 83.71 £ 1.16 87.14 £ 1.01 94.14 £ 0.92 93.02 £ 1.15 96.73 £ 0.62
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